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Abstract

Inmany searchmarkets, advance contracts include a right to renege, letting one party
leave a match for a better one found later. Contract law would price this right at com-
pensatory damages, the loss to the party left behind, but a broken match may have posi-
tive spillovers on other market participants. I study the pricing of the right to renege at a
trucking broker that allocates shipments to carriers through dynamic auctions ahead of
pickup andpenalizes late cancellations through carriers’ reputation. I estimate a dynamic
model of carriers’ search andbidding fromdata on bids and cancellations. Compensatory
damages are several times what a cancellation costs themarket, since the broker recovers
part of its loss on other shipments and other carriers gainmost of the rest. Even a penalty
equal to themarket’s cost lowerswelfare, because carriers price it into their bids and fewer
matches last to pickup. Welfare is highest with no penalty, and so is the broker’s profit
when the penalty is reputational, but a broker able to charge a monetary penalty would
set it at a positive level in order to extract carriers’ rents from outside opportunities.
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1 Introduction

Inmanydecentralizedmarkets, participants search sequentially over alternatives on the other
side of the market. When faced with a potential transaction partner, a market participant
must make a decision without knowing future matching opportunities. This creates a timing
friction: accepting or rejecting matches without complete information can lead to subopti-
mal outcomes. Centralized clearing mechanisms offer a well-documented solution to these
frictions, yet their success is frequently compromised by private incentives to circumvent the
market (Kapor, Karnani, and Neilson 2024), occasionally resulting in a complete breakdown
(Roth and Xing 1994; Niederle and Roth 2003). Motivated by the fragility of centralized clear-
ing, this paper analyzes a decentralized contractual remedy: a right to renege that allows par-
ticipants to form temporary matches while preserving the option value of continued search.

This option value typically carries a price in the form of a penalty. When reneging occurs on
the demand side, such as for airline and hotel bookings, the penalty is often a monetary can-
cellation fee. In contrast, when reneging occurs on the supply side, such as for job searchers,
penalties are often non-monetary in nature—in tight-knit professional circles, reneging on an
accepted offermay lead to costly reputational penalties (Niederle and Roth 2009). This asym-
metry is particularly salient in gig economy platforms, where consumers are typically subject
to monetary fees, while workers are instead subject to pseudo-reputational penalties in the
form of qualitymetrics thatmust bemaintained to certain standards to receive greatermatch
probabilities or to simply remain active on the platform.1 One exception is the home-services
platform Handy, which charged its workers fees for cancelling jobs. A 2023 settlement un-
der California’s worker-classification law limited these fees in California to a short schedule
of small fixed amounts, charged only within 48 hours of the job (People v. Handy Technolo-
gies, Inc. 2023). This paper studies both the welfare implications of different penalty levels
and types, and the profit-maximizing penalty design from the perspective of the firms setting
them.2

A natural benchmark for the level of such a penalty comes from contract law, which prices a
broken agreement at compensatory damages, the loss to the party left behind. Diamond and
Maskin (1979) compare damage rules in a market where matched parties keep searching, so
that a broken match also affects others. On a platform, the worker who cancels may take an-

1. For example, drivers working for Uber Eats can earn priority access to higher-paying deliveries by main-
taining cancellation rates below 8% (Uber 2025).

2. While in principle, the right to renege can itself be subject to bilateral negotiations, I focus on “posted”
penalties set by larger firms on a standardized basis.
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other of the platform’s jobs, and the job left behindmay go to anotherworker, so the platform’s
loss on the job can differ widely from what the cancellation costs the market. A penalty also
affects whethermatches form at all, since aworker whomay have to bear a penalty for leaving
a match values the match less. I measure each of these effects for a large freight broker, and
compare the penalties they imply with the penalties that maximize welfare and the broker’s
profit.

I focus on thepenalty designproblemof a large brokeragefirm in the trucking industry, a pillar
of the U.S. economy: in 2024, the combined value of all domestic truck shipments exceeded
$11 trillion, or 74% of all domestic freight (USDOT 2024). The market is also characterized
by significant search frictions due to its high fragmentation on both the demand and supply
sides, with 91% of carriers operating fleets of ten or fewer trucks (FMCSA 2023). Furthermore,
reneging is a widespread phenomenon in the industry.3

The brokerage first negotiates rates with shippers on either a contract or spot basis, and sub-
sequentlymatches tendered shipments via an online auctions platform. Thedynamic auction
format allows carriers to renege at two stages. First, unlike standard auctions, no commitment
is required at the time of bidding. Winning carriers are instead given a right of first refusal, re-
quiring their explicit confirmation before the match is finalized. Second, even after confirm-
ing the match, carriers can still unilaterally cancel, but at the risk of a reputational penalty on
future bids on the platform.4 Whereas most economic data only observe final, realized trans-
actions, the data provided by the brokerage firm record every stage of the matching process,
making them uniquely suited to studying reneging behavior. Reneging is indeed frequent:
over half of winning bids are reneged on, while 13.8% of confirmed matches are eventually
canceled before pickup. As for the motives behind reneging, two empirical patterns are rele-
vant. First, the cancellation rate is decreasing in thematch price, suggesting that carriers can-
cel opportunistically when they find a better deal. Second, the cancellation rate is increasing
in the time interval betweenmatch confirmation and pickup. Both these patterns are consis-
tentwith carriers continuing a search process in the style ofMcCall (1970) even after they have
won and confirmed amatch on the platform. Carriers also respond to the penalty: the hazard
of a discretionary cancellation drops by a third at the 48-hour mark, when the penalty starts
to apply.

3. To illustrate, Caplice and Sheffi (2006) discuss how reneging made combinatorial auctions infeasible: “So,
even if another carrier was assigned to the outbound lane in the strategic bidding process, the shipper may
choose to tender the load to an alternative carrier for a specific load. Not only is this accepted behavior for ship-
pers, most analysts and transportationmanagement software packages consider such opportunistic continuous
move optimization a key capability.”

4. Auction winners are selected according to the sum of their bids and an algorithmic quality score, which is
computed on the basis of several past performance metrics, including cancellation rates.
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The data also measure the compensatory damages of a cancellation. For cancellations in the
last 48 hours, the broker ends up paying 0.141 of the spot rate more to have the load moved
than theprice that the carrierwhocancelledhadagreed to. Thebrokerdoesnot always lose the
carrier who cancels, however. Among owner-operators on loads of 300 miles or more, 15.2%
of cancellations end with the carrier completing another of the broker’s loads with the same
pickup date.

Guided by the empirical evidence, I build a dynamic model of carrier search and bidding be-
havior under two types of penalties: amonetary penalty that acts as a transfer to the broker, or
a reputational penalty that solely reduces the carrier’s utility. The keymechanism in themodel
is that carriers price in the foregone option value induced by the penalty, raising their bids in
response. This creates a direct trade-off for the firm: while higher penalties reduce potentially
costly cancellations, they also increase the cost of successful matches and reduce their num-
ber.5 Howmany cancellations a penalty prevents depends on the upper tail of carriers’ outside
offers. If offers better than a carrier’s match become rare quickly as their value rises, a penalty
preventsmany cancellations. If they remain common, it prevents few, and amonetary penalty
mostly collectsmoney from the cancellations that still happen. Undermonetary penalties, the
firm can thus profit by raising the penalty level in order to extract rents from carriers’ outside
offers. This sets up a key tension: while monetary penalties are a more efficient punishment
mechanism at any given penalty level, the accompanying rent-extraction motive can lead to
a more socially inefficient outcome than reputational penalties, which nobody receives.

To take themodel to the data, I extend the baselinemodel to allow stochastic carrier and ship-
ment arrivals, multi-round multi-unit auctions, and imperfect attention to win notifications,
which reconciles the relatively low cancellation rate with themuch higher bid-reneging rate. I
then estimate the process for outside offers, the attention parameters, and carriers’ subjective
valuation of the platform’s reputational penalty, separately for two lanes, Seattle to San Fran-
cisco and Los Angeles to Phoenix. The penalty is identified by the drop in cancellations at the
48-hourmark, givenhowquickly better outsideoffers become rare, which the responseof can-
cellations to the posted Accept-Now price reveals. Carriers act as if a cancellation in the last
48 hours costs them about a tenth of the spot rate, 9.8% on Seattle to San Francisco and 8.1%
on Los Angeles to Phoenix. The two lanes differ in their outside offers, however. On Seattle to
San Francisco, offers well above the value of a typical match remain common, so the penalty
prevents a smaller share of cancellations. I separately estimate arrival and on-platform search
dynamics using directly observed moments.

5. This incentive extends to firms that can extract part of the option value of reneging by raising posted prices.
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I then simulate themarket at every level of the penalty, and compare each cancellation with a
twin market in which it does not happen. On Seattle to San Francisco, a penalty equal to the
bilateral damages of a cancellation, the broker’s loss on the load left and the compensatory
damages of contract law, would be 0.151 of the spot rate. A penalty equal to itsmarket-wide
cost, the cost to the broker and every other carrier, would be only 0.020. With nopenalty, about
a third of the broker’s loss on the load left is recovered on its other loads, mostly from carriers
who cancel tomove another of them, and about half is gained by other carriers. The estimated
penalty lies between the two benchmarks, well above the market-wide cost.

Even a penalty equal to the market-wide cost lowers welfare, because a penalty also taxes
matching. A carrierwhomay face a penalty for leaving amatch values thematch less, so it bids
higher and takes fewer loads at the Accept-Now price. Cancellations fall, but fewer matches
are made, and fewer last to pickup. A completed match is worth more to the market than to
the carrier who chooses it, since the broker’s margin and the cost of a load left unmatched
lie outside the carrier’s choice. Welfare is therefore highest with no penalty on both lanes,
whether the penalty is reputational or monetary. At the estimated reputational penalty, wel-
fare changes by−9.5% relative to no penalty on Seattle to San Francisco and by−6.5% on Los
Angeles to Phoenix.

The broker’s own incentives depend on the type of penalty. With a reputational penalty, the
broker collects nothing, and its profit is also highest with no penalty. A broker that could
charge a monetary penalty would charge one, because at its current posted prices carriers
bear most of the penalty rather than pricing it into their bids. On Seattle to San Francisco, the
profit-maximizingmonetary penalty iswell above themarket-wide cost, and thebrokerwould
apply it earlier than themarket-wide costwarrants, since that cost is positive only for cancella-
tions in the last 24 hours. On Los Angeles to Phoenix, where the penalty prevents a larger share
of cancellations, the profit-maximizing penalty is small. A limit on when a monetary penalty
applies is undone by a higher penalty, while a cap on its amount near the market-wide cost
keeps welfare close to its peak. The broker would also not charge a monetary penalty if it put
between a third and a half of its weight on carriers’ surplus, or if collecting each payment cost
several percent of the spot rate.6

Literature Review Classic work on unraveling in entry-level labor markets shows how de-
centralized timing can induce inefficiently early commitment (Roth and Xing 1994; 1997; Li

6. Platforms in the early stages of growth may value supplier retention more. For example, AirBnB imposed
small fees of $50 to $100 for host cancellations until August 21, 2022, after which cancellation fees increased
dramatically to scale with the reservation amount, up to $1000 (Airbnb 2022).
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and Rosen 1998; Li and Suen 2000; Kagel and Roth 2000). In many such markets, salaries are
rigid, so the timing of offers becomes a key strategic lever and the cost of commitment can-
not be priced in, leading tomarket unraveling. Consistent with this, Niederle and Roth (2009)
show experimentally that non-binding agreements can improve efficiency but are not sus-
tained in competitive equilibrium. Consequently, the main proposed remedy is a centralized
clearing mechanism. In practice, even well-designed centralized mechanisms are vulnerable
to strategic offersmade outside themechanism, which can reduce efficiency (Kapor, Karnani,
and Neilson 2024) or sometimes lead to complete collapse (McKinney, Niederle, and Roth
2005). This paper contributes to this literature by showing that a welfare-enhancing right to
renege can emerge in a decentralized competitive market with endogenous prices. In that
sense, this paper is close in spirit to De Groote et al. (2025), who show how a multi-round
college admissionsmechanism can re-allocate slots that students have reneged on in favor of
off-platformoptions, though I shift the focus to howendogenous prices govern both the initial
match and the decision to renege.

This paper also bridges two literatures studying dynamic allocation problems under different
mechanisms. The dynamic market design literature has focused on how non-price mecha-
nisms such as waitlists shape forward-looking incentives in the allocation of donor organs
(Agarwal et al. 2018; Agarwal et al. 2021), housing (Waldinger 2021) and the reallocation of
physicians (Huitfeldt, Marone, and Waldinger 2024). In contrast, the dynamic auction litera-
ture has focused on the forward-looking bidding strategies that emerge in sequential multi-
unit auctions (Jofre-Bonet and Pesendorfer 2003; Zeithammer 2006; Backus and Lewis 2024)
or in auction formats. The mechanism here combines these two elements. A carrier’s bid de-
termines its position in the platform’s sequence of provisional offers, while the right to renege
determines the value of keeping search alive after an offer arrives or even after amatch is con-
firmed. Evaluating cancellation penalties therefore requires a model of both forward-looking
acceptancedecisions and forward-lookingbidding. Themechanism is also connected towork
on auction formats allowing ex-post bidmodifications or withdrawals (Bajari, Houghton, and
Tadelis 2014; Cramton, Ellermeyer, andKatzman 2015; Haberman and Jagadeesan 2023), with
the key difference being that flexibility in this setting is not triggered in response to new infor-
mation about the value or cost of the transaction, but rather in response to the arrival of new
outside offers.

Finally, this paper contributes to the literature on the industrial organization of trucking. Clas-
sic work studies monitoring, contractual form, and firm boundaries in trucking (Hubbard
2000; 2001; Baker and Hubbard 2001; 2003), while Yang (2022) emphasizes spatial frictions
generated by drivers’ preferences to return home. Themost closely related paper on the value
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of flexibility in themarket is Harris andNguyen (2025). Their flexibilitymargin is tender rejec-
tion under long-term fixed-rate contracts; mine is cancellation after acceptance under spot-
negotiated rates. The corresponding allocative questions are therefore different and comple-
mentary. Harris and Nguyen (2025) study the boundary between relationships and the spot
market, where relationships exploitmatch-specific efficiencies but can thin the spotmarket. I
instead study the efficient real-time allocation of particular carriers to particular loads within
the spotmarket itself, taking into account the frictions induced by the decentralized timing of
offers. A final difference is that Harris and Nguyen (2025) take the degree of flexibility allowed
by long-termcontracts as given and analyze its equilibriumconsequences, whereas this paper
studies the endogenous choice of flexibility and its consequences for welfare.

The rest of this paper is structured as follows. In Section 2, I describe the platform and the
data, andmeasure what a cancellation costs the broker on the load left. In Section 3, I present
a stylized model of the carrier’s bid and cancellation decisions, show how carriers respond to
the penalty, and define the two types of penalty. I extend the model to a dynamic setting in
Section 4, estimate it in Section 5, and use it to compare penalties in Section 6. I concludewith
Section 7.

2 Setting and data

Data for this study were directly provided by a trucking broker and spans 2021 and 2022. It is
an early pioneer of the digital brokerage businessmodel, seeking to automate the traditionally
labor-intensive brokering process via an online auction platform. Themajority of the broker’s
upstream demand came through long-term contracts with large shippers (such as major re-
tailers and manufacturers), which would regularly tender shipments to the platform at the
contracted rate. The broker’s margin on a shipment is the difference between the price paid
by the shipper and the price paid to the carrier and varies from shipment to shipment. This
section describes the auction platform’s design and cancellation policy, summarizes the data,
and presents in-sample estimates of the impact of a carrier cancellation on a shipment’s final
matching outcomes and the broker’s margin.
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2.1 Auction PlatformDesign

Carriers can discover loads by either searching for specific criteria or browsing a personalized
feed. Once a shipment appears on their feed or search results, the carrier can click on it to
obtain further details (referred to as a detailed view), place a bid, or be immediately matched
via an “Accept-Now” feature with a posted price. During the study years of 2021 and 2022,
the firm implemented its “timed auction” format. This format consists of several rounds, with
the reserve prices non-decreasing across rounds. Themajority of shipments are posted to the
platform between one and two weeks before their pickup time. Auction rounds begin to clear
five days before pickup, with one to two rounds per day. If a shipment is unmatched 24 hours
before pickup, the auction format changes to update the reserve price more frequently, with
additional intervention from human brokers. When choosing whether to bid or Accept Now
on a shipment, the carriers can only see the current round’s closing time and the Accept Now
price, in addition to the shipment characteristics. No information is provided about other bid-
ders and their bid amounts, and the reserve price is hidden.7 Additionally, carriers are never
restricted frombiddingonadditional shipments, even if these conflictwith existing confirmed
appointments on the platform.

Each bid is also assigned an additive quality adjustment factor based on a set of performance
metrics computed over past matched shipments, including the carriers’ past cancellations.
When an auction reaches one of its pre-determined closing times, if all bids exceed the re-
serve price, the auction proceeds to the next round. If there are bids below the reserve price,
the platform accepts the lowest adjusted bid and notifies the bidder, who has 10 minutes to
confirm. If the bidder does not respond, the process is repeated for the next lowest bid. If no
bidders confirm, the auction proceeds to the next round. I use the terminology of the platform
accepting bids and carriers confirming them throughout the paper. Based on these rules, it is
clear that bidding entails practically no commitment on the side of the carrier.

After being matched to a shipment, whether through an accepted bid or the Accept-Now fea-
ture, the carrier may cancel the match at any time, but with potential consequences for their
futurebidquality adjustment factor if the cancellationoccurs in the last 48hoursbeforepickup.8

Carriers’ cancellation behavior and consequences for the bid quality adjustment factor are
discussed in more detail in section 3.

7. Reserve prices were initially publicly displayed at the launch of the auction format, but were hidden soon
after launch, as carrier bids tended to bunch at the reserve price.

8. Until early 2021, carriers had to contact a firm representative to cancel. The policy was then changed to
self-service cancellations with a disclaimer that “if the request occurs within 48 hours of pickup time, it may
negatively affect [the carrier’s] scorecard.”
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2.2 Data

The design of the platform yields a rich dataset on the endogenous decisions by carriers at
the multiple stages of the matching process, including viewing loads, placing bids, bid ac-
ceptances and confirmations, and cancellations. While the full dataset covers the universe of
auctions run by the platform, I exclude all local shipments (within a metropolitan area) from
the analysis, due to their high-frequency nature allowing carriers tomatchwithmultiple ship-
ments in a single day. The full matching funnel described above is visualized for the sample
of 559,379 non-local shipments in Figure 1.

Figure 1: Funnel from views to matches

View
(11.6M)

Accept-now
(198K)

Bid
(4.26M)

No action
(7.18M)

Accepted
(973K)

Not accepted
(3.28M)

Confirmed
(379K)

Not confirmed
(594K)

Matched
(577K)

Not
cancelled
(497K)

Cancelled
by carrier
(79.9K)

NOTE: Carriers’ decisions, starting from a shipment view on the sample of all non-local shipments in 2021-2022
offered on the timed auctions platform. Accepted refers to bids that were accepted by the platform (winning
bids). Confirmed refers to bids that were subsequently confirmed by the carrier.

The structural model is developed for a specific lane market and is thus estimated on two
lane subsets: Seattle to San Francisco and Los Angeles to Phoenix. These subsets are com-
pared to the full non-local sample in Table 1. Overall, both lanes are fairly representative of
the broader non-local market. The Seattle to San Francisco differentiates itself by having a
longer shipment distance and a higher propensity to bid or accept-now conditional on a view.

Freight prices move with the season and with aggregate shocks such as fuel prices. To com-
pare loads across lanes and dates, I divide every price in the paper (bids, accept-now prices,
reserves and final carrier prices) by the load’s spot rate: an ex-post average spot rate for the
lane from a third-party data aggregator.
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Table 1: Summary statistics

All non-local Seattle to
San Francisco

Los Angeles
to Phoenix

Loads
Loads 559,379 9,487 16,487
Mean distance (miles) 371 758 349
Mean spot rate ($) 1,387 1,440 1,587

Carriers
Carriers 88,439 4,733 10,338
Platformmiles per driver and year, median 906 3,487 2,214
90th percentile 5,004 16,730 12,009

Carrier decisions
Views 11,629,188 92,590 364,174
Bids 4,255,680 54,756 159,134
Accept-nows 198,304 3,509 4,519
Views without a bid or accept-now (%) 61.7 37.1 55.1
Bids accepted (%) 22.9 25.4 23.5
Accepted bids confirmed (%) 38.9 38.2 34.9
Bid / spot rate, median 1.106 1.111 1.051
25th percentile 0.976 1.001 0.953
75th percentile 1.274 1.259 1.164

Matches and cancellations
Matches 615,027 9,270 18,645
Cancelled by the carrier (%) 13.8 12.3 13.8
Cancelled by the shipper (%) 8.2 16.8 9.9

NOTE: Non-local loads are all loads with different pickup and dropoff metropolitan areas with a pickup date
in 2021–22 that was offered in the timed auctions format. Carrier counts include all carriers with at least one
decision on the column’s loads. Platformmiles per driver and year are computed over each carrier’s drivers that
have hauled at least one of the columns loads. Accepted bids confirmed: share of bids accepted by the platform
that the carrier confirmed. Spot rate: ex-post average spot rate for the lane from a third-party data aggregator.
Matches: confirmed bids and accept-nows, including eventual cancellations.

Shippers cancelmatched loads too: 8.2%ofmatches end ina cancellationby the load’s shipper
(Table 1). These cancellations are beyond the scopeof this paper, because the industry already
has a well-established standard for them: when a shipper cancels close to pickup, it pays the
carrier a fee known as “truck order not used” (TONU).

Carriers haul only a small part of their miles on the platform. Among the drivers who hauled
at least one load on the platform, the median driver hauls 906 miles a year on the platform,
and 90% haul fewer than 5,004miles (Table 1). Given that owner-operators drive over 100,000

10



miles per year on average, most carriers must find shipments off the platform for a majority
of theirmileage (OOIDA 2022). Given this degree ofmultihoming, a key focus of the empirical
strategy will be to recover a distribution of outside offers.

2.3 What a Cancellation Costs on the Load

Overall, 13.8% of matches end in a cancellation by the carrier. In the following, I examine
what a carrier cancellation does to the rest of the load’s life: whether the shipper cancels the
shipment altogether,whether it is rescheduled, and theprice atwhich it is eventuallymatched.
Using the full non-local sample fromTable 1, I compare loadswhosematchwas cancelledwith
similar loads whose match was not. The comparisons condition on lead time, the number of
hours left until a load’s scheduled pickup, which I discretize into four-hour windows over the
last four days before pickup, with each window indexed by w. For expositional purposes I
further aggregate up to three longer periods indexed by r: 0–24, 24–48 or 48–96 hours before
pickup.

For each window w, I take the loads that were still active when the window opened, some of
which are then cancelled by the carrier during the window and the remainder which serve
as comparison loads. A single load can appear in multiple windows as long as it remains ac-
tive and has not been cancelled by the shipper or a carrier. Aggregating over all windows w, I
estimate

yiw =
3∑

r=1

βrD
r
iw + αw,g(i) + λlane(i) + µweek(i) + εiw, (1)

whereDr
iw equals one if the carrier of load i cancels during window w and the window lies in

period r. Three sets of fixed effects are included: αw,g(i) controls for the current window and
the initial lead time window of the shipment g(i), λ and µ control for lane and calendar week,
respectively. The outcomes yiw are whether the shipper cancels the load, whether it is later
rescheduled to another pickup date, and its final carrier price as a share of the spot rate. The
coefficient βr is the excess outcome of a cancellation in period r.

The second comparison uses nearly the same estimating equation (dropping the dependence
of αw on the intitial lead time g(i)) but modifies the comparison set of shipments. Each win-
dow w now includes all shipments that were currently unmatched at the start of the window,
as well as all shipments that became unmatched during the window due to a carrier cancel-
lation. The only outcome yiw included in this second comparison is the price. Table 2 reports
the results of all four comparison regressions.
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Table 2: What happens to a load after a cancellation

Active loads Unmatched loads

Carrier cancellation,
hours before pickup

Shipper
cancellation (pp)

Reschedule
(pp)

Final price
(% of spot rate)

Final price
(% of spot rate)

0–24 hours +2.4 (0.3) +4.6 (0.2) +13.1 (0.3) +1.9 (0.2)
24–48 hours −0.3 (0.2) +4.0 (0.3) +5.0 (0.2) +0.4 (0.2)
48–96 hours −0.6 (0.2) +3.2 (0.2) +3.0 (0.2) +0.7 (0.2)

NOTE: Estimates of βr in (1), one regression per column; rows are the periods r. Comparison loads are restricted
to loads viewed by at least one carrier. Shipper cancellation and reschedule in percentage points (comparison
means 5.8% and 6.1%). Final price in percent of the spot rate, picked-up loads only. Standard errors clustered by
lane in parentheses.

The key findings from the comparison exercise are that, relative to shipments with the same
initial lead time, cancellations cause a modest increase in shipment cancellations when they
occur close to the pickup date9, a modest increase in reschedules at all lead times, and an
increase in the final matching price that is most pronounced for last-minute cancellations.
The second comparison with unmatched loads shows that price effect is largely driven by an
effective loss of shipment lead time, which pushes up the expected final matching price.

Figure 2 illustrates the effect of lead time on price, by taking the estimated four-hour window
effects αw from the second comparison regression and plotting them against the lead time
windows w, creating an expected price curve conditional on the remaining lead time of an
unmatched load. The figure also illustrates the impact of a typical shipment match and can-
cellation on a shipment’s expected final price: initially the match lowers the expected price
to the matching price, and a subsequent cancellation raises it back up, now at the remaining
lead time. This demonstrates why later cancellations are more costly and, in the legal doc-
trine of compensatory damages, would warrant higher penalties to be imposed in order to
prevent breaches that hurt the platform more than they benefit the carrier. This view counts
the platform’s loss on the load left, and on that load only.

The rise from the match price back up to the curve is the platform’s loss on the load left. I call
this loss bilateral damages: the loss to the party the carrier contractedwith, which iswhat con-

9. The low impact on shipper cancellation rates suggests minimal disintermediation, unlike findings in Xie
and Zhu (2022), which documented substantial disintermediation on a Chinese intra-city cargo delivery plat-
form. This difference likely stems from U.S. shippers’ preference for long-term contracts with brokers or large
carriers who can reliably source drivers, rather than engagingwith small carriers for one-off shipments at a lower
price.
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Figure 2: The expected price of a load still unmatched, by time left before pickup
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NOTE: Expected final carrier price, as a share of the spot rate, of a load still unmatched in each four-hour window
before pickup: thewindow effectsαw of the price regression in the last column of Table 2, at the sample’s average
lane and week effects. Shaded: the last 48 hours. Right arrow: the bilateral damages of a cancellation 18 hours
before pickup.

tract law’s compensatory damages make good.10 Shippers pay their contracted rate whatever
the platformpays the carrier, so every dollar of the rise comes out of the platform’smargin. For
cancellations in the last 48 hours, bilateral damages in the data average 0.141 of the spot rate:
the platform finally pays that much more to have the load moved than the price the carrier
who cancelled had agreed to.

The load is rarely lost. Thepremiumgoes towhoevermoves the load instead; whether themar-
ket loses it is a question for themodel (Section 6). Nor does theplatformalways lose the carrier
who cancels. Among owner-operators on loads of 300 miles or more, 15.2% of cancellations
end with the carrier completing another of the platform’s loads with the same pickup date.
When that happens, the platform’s loss on the load left overstates its loss over all its loads. The
data cannot show what the carrier who moves the load instead gave up to do so, nor whether
the cancelling carrier’s other load would have found another carrier anyway. Section 6 uses
the model to answer both.

Beyond the load left, the penalty could also matter to the platform through which carriers

10. In contract law, these are expectation damages measured by the cost of cover: the price of a substitute
performance less the contract price (ALI 1981, § 347). U.C.C. § 2-712 gives the samemeasure to a buyer of goods;
it applies to a haul only by analogy. Section 6 also subtracts what the platform recovers on its other loads, giving
platform-wide damages. That is the platform’s own viewof beingmadewhole, not a legalmeasure: a court would
likely not reduce the damages by the platform’s gain on another load.
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it matches with. A worse quality adjustment after a cancellation in the last 48 hours steers
future loads away from carriers who cancel. That cuts cancellations, a gain for the platform.
But carriers who cancel often also match at lower prices, so steering loads away from them
raises what the platform pays, a loss. Appendix A.1 finds that the two roughly offset. Among
owner-operators with at least 10 matches, the carriers who cancel most hold a tenth of the
matches. Excluding them lowers the cancellation rate from 14.7% to 11.5%. Yet the platform’s
margin, charging each cancellation the cost of not matching the load, rises only from 8.0% to
8.1% of what the shipper pays. I therefore treat the penalty as neither a gain nor a loss to the
platform in itself: it matters to the platform only through how carriers respond to it.

3 Cancellation Penalty and Carrier Response

Recall that carriers are subject to a penalty for cancelling a load within 48 hours of the sched-
uled pickup time, and this penalty takes the form of additional adjustments to their future
bids, making them less likely to win subsequent loads or requiring lower bids to secure them.
To develop intuition, this section first introduces a stylized repeated-gamemodel of the qual-
ity adjustment. The model captures both how the quality adjustment induces an effective
penalty thatdiscourages cancellationsandhowcarriers react to theadjustmentand thepenalty
in their optimal bidding behavior. The section then introduces some empirical evidence that
the penalty affects carriers’ cancellation behavior but that carriers do not react to variation in
their penalty state, which will justify the use of a structural model that treats the reputational
penalty on cancellations as a fixed perceived utility shock rather than a fully endogenous out-
come of the repeated game.

3.1 Model of Bid Adjustment and Reputational Penalties

A carrier with discount factor δ ∈ (0, 1) bids b for a shipment costing c, with win probability
γ(b + q) given its current dollar quality adjustment q and γ′(b + q) < 0. After the auction,
whether matched or unmatched, it observes a net outside payoff π ∼ G. A matched carrier
chooses between completion for b − c and cancellation for π. An unmatched carrier’s only
choice is between the outside offer and a normalized payoff of zero.

The current quality adjustment q is state-dependent: given a cancellation, it will increase. Let
V(q) denote the carrier’s continuation value when it enters the next auction with quality ad-
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justment q. Let qC denote the adjustment after completion or remaining unmatched, and let
qX ≥ qC denote the adjustment after cancellation, so that V(qX) ≤ V(qC). A successful com-
pletionmay also lower the adjustment, so that qC < q. Conditional on the current state, these
values do not depend on the current bid or outside offer. We can then define:

κ = δ
[
V(qC)− V(qX)

]
(2)

as the carrier’s effective (state-dependent) cancellation penalty. Thematched carrier’s choice
when faced with the outside offer can then be written as

max{b− c+ δV(qC), π + δV(qX)} = δV(qC) + max{b− c, π − κ}.

Thus the carrier will cancel if and only if the outside offer exceeds the effective reservation
value r∗ = b − c + κ. The cancellation probability is then simply 1 − G(b − c + κ), so that κ
directly affects the likelihoodof cancellation. Anunmatchedcarrier’s payoff is simply δV(qC)+
max{0, π}.

The carrier picks the bid b∗ that maximizes its expected payoff. Appendix A.6 gives the deriva-
tion. Let r∗ = b∗ − c+ κ be the outside-offer cutoff at the optimal bid. At an interior optimum
withG(r∗) > 0, the optimal bid satisfies

b∗(c) = c+
κ[1−G(r∗)] +

∫ r∗

0
π dG(π)

G(r∗)
− γ(b∗ + q)

γ′(b∗ + q)
(3)

The bid consists of cost, compensation for outside opportunities forgone and cancellation
costs incurred after an award, and a positive markup. Dividing the opportunity-cost terms by
G(r∗) expresses themper completed shipment, since payment is received only upon comple-
tion. Equation (3) is implicit: the cutoff andmarkup both depend on the optimal bid.

3.2 Empirical Patterns of Carrier Cancellations

When cancelling a load, carriers provide a reason among a predefined list of options. Un-
der the broker’s policy, the stated cancellation reason does not affect the penalty applied to
the carrier, reducing misreporting incentives. The breakdown of these reasons is shown in
Table 3. These reasons can broadly be classified as discretionary or forced, representing the
amount of agency a carrier had in the decision to cancel. “Accepted by accident” is counted
as discretionary due to its high prevalence and vague description. It also shares many of the
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samepatternswith other discretionary cancellations in the analysis that follows. Overall, each
type of cancellation represents about half of the total.

Table 3: Stated reasons for carrier cancellations

Reason Share of cancellations (%)

Discretionary
Does not want the load 21.4
Accepted by accident 19.5
Overbooked, no truck available 8.0
Found a better load 0.2

Total discretionary 49.1

Forced
Truck problem 21.2
Delay or problem with a previous load 10.3
Driver illness or personal matter 7.2
Compliance, quality or insurance problem 3.2
Out of legal driving hours 3.0
Other 6.0

Total forced 50.9

All carrier-fault cancellations 100.0

NOTE: Share of the 13.8 of carrier-fault cancellations ofmatches (confirmedbids andaccept-nows) on the sample
of 2021-2022 non-local timed auction loads.

Recall the official platform policy from subsection 2.1: a cancellation inside 48 hours of the
scheduled pickup "may negatively affect" the carrier’s scorecard. To examine the impact of
this policy on carrier behavior, I analyze the hazard rate of discretionary carrier cancellations
in 4-hour bins of time before the pickup time, including fixed effects for time of day, first hour
of match, and separate coefficients for bid amounts and Accept-Now prices. Appendix A.3
provides further details. The resulting hazard patterns are shown in Figure 3. While the can-
cellation hazard remains mostly flat initially, save for some estimation noise, it drops sharply
by a third right at the 48-hour mark, clearly reflecting the bite of the cancellation policy. The
same hazard analysis for forced cancellations, depicted in Figure A.3, shows a steady increase
towards the pickup time, with no visible discontinuity at the 48-hour mark, suggesting these
cancellations are unavoidable and thus unaffected by the policy.

Panel (b) of Figure 3 shows effect of thematch price on the discretionary cancellation hazard.
Intuitively, a highermatchprice relative to the spotmarket ratemakes the currentmatchmore
attractive relative to other opportunities a carriermight encounter in themarket. This effect is
muchmore apparent on the Accept-Nowprice than on bid amounts. This can be explained by

16



Figure 3: Discretionary cancellations and bid confirmations

(a) Discretionary cancellation hazard, by time before pickup
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(b) Discretionary cancellation hazard and the match price, by channel
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(c) Confirmation of accepted bids, by the wait from the bid to the acceptance
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NOTE: Sample of owner-operators on loads of 300miles ormore with a pickup date in 2021–22. Panel (a): hazard
of a discretionary cancellation, in percent per hour of an active match, by four-hour bin of time before pickup,
with 95% confidence intervals clustered by carrier (shaded). Dashed: the hazard more than 48 hours before
pickup and from 48 to 24 hours before pickup, from the models with one constant on each side of the deadline
and with a third constant for the last 24 hours. Panel (b): the price gradients from the hazard model of panel (a)
formatches at the posted accept-nowprice (solid) andmatcheswonwith a bid (dashed). Histogramofmatching
prices provided in Figure A.4. Panel (c): share of bid acceptances the carrier confirms, by time from the bid to the
acceptance, adjusted for time of day and lead time until pickup of the acceptance. Filtered to the first acceptance
of a carrier for a given pickup date. 95% confidence intervals clustered by carrier (shaded but small).
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the carrier’s optimal bidding behavior in Equation 3, where the bid is a direct function of the
cost. Thus, depending on the properties of the auctionwin probability, themarkup over a car-
rier’s cost may vary very little with the actual bid amount, producing a nearly flat relationship
between the bid and the cancellation hazard.

Finally, Panel (c) of Figure 3 shows the confirmation behavior of carriers after accepting a bid
conditional on the time interval fromwhen the bid was placed to when it was accepted by the
platform. The highly granular time bins show that the confirmation probability starts at less
than 100% immediately after the bid is placed and drops rapidly in the first few hours, before
stabilizingat a steadier rateofdeclineover time. This suggests thatwhile theremaybea similar
rate of outside opportunities that take carriers off the market over time, the rapid initial drop
also reflects some carrier inattention, given the limited 10-minute exclusivitywindowa carrier
has before a load is offered to the next best bidder.

3.3 Heterogeneity in the Cancellation Penalty

As the model in subsection 3.1 suggests, the rational, repeated-game reputational penalty
could be highly state-dependent. To investigate the empirical relevance of this heterogene-
ity, I use the empirical relationship between carrier cancellations (and on-time pickup and
delivery) to derive the carrier’s effective additional quality adjustment on future bids for each
of theirmatches, qX−qC in themodel of subsection 3.1. The distribution of these incremental
penalties is shown inFigureA.2with ameanof 0.62%of the spot rate for a single cancellation. I
then split carriermatches into terciles of the effective penalty and run the cancellation hazard
model of Figure 3 butwith constant hazard rates before and after the 48-hourmark, separately
for each effective penalty tercile. If carrierswere responsive to the heterogeneity in the cancel-
lation hazards, wewould expect a larger drop in the cancellation hazard for the higher penalty
terciles from a common baseline prior to the 48-hour deadline.

Instead, the figure shows a smaller drop in the cancellation hazard for the higher penalty ter-
ciles, almost entirely driven by a lower baseline cancellation hazardprior to the 48-hour dead-
line. This pattern is not simple selection on carriers’ baseline cancellation tendencies, as that
would suggest the opposite pattern: higher-penalty terciles would have higher pre-48-hour
hazards if they were simply the more cancellation-prone carriers. Instead, this may reflect
carriers’ tenure on the platform, as the quality adjustment uses a rollingwindowof recent per-
formance with a Bayesian prior, which naturally makes the effective penalty higher for newer
carriers. As an explicit cancellation option is not a norm in the industry, carriersmay take time
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Figure 4: The response to the deadline by realized-penalty tercile
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NOTE: For each tercile of the realized penalty of one cancellation, the hazard two to four days before pickup
(Pre-48h, left) and in the last two days (Post-48h, right), using the same specification as in Figure 3a, with 95%
confidence intervals clustered by carrier. Mean penalty by tercile: 0.18, 0.34 and 1.34 percent of the spot rate.
Full distribution in Figure A.2.

to get accustomed to the ability to cancel loads without facing immediate repercussions. As
learning effects are out of the scope of this paper, I model the reputational penalty as having
a uniform effect across carriers in the model.

3.4 Reputational andMonetary Penalties

Theplatform’s penalty for a late cancellation is reputational. A cancellation in the last 48 hours
worsens the quality adjustment on the carrier’s future bids, which lowers its chances of win-
ning future auctions (Section 2.1). The carrier who cancels bears this cost, and nobody re-
ceives it. The platform collects no money, and it gains little from steering future loads away
from carriers who cancel, since those carriers also match at lower prices (Appendix A.1). Car-
riers also see neither their quality adjustment nor how it is computed (Appendix A.2).

The alternative is a monetary penalty, a cancellation fee paid to the platform, such as airlines
and hotels charge their customers. A carrier perceives a monetary penalty at face value, so
a monetary penalty of κ changes its decisions just as a reputational penalty perceived as κ
does. The two penalties thus differ only in who receives the payment. A monetary penalty is
a transfer from the carrier to the platform, while a reputational penalty is a loss to the carrier
that nobody receives. This difference matters for welfare and for the platform’s incentive to
raise the penalty, which Section 6 studies. Section 6.5 discusses why the platform may not
charge monetary penalties.
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In conclusion, this section shows that the platform’s reputational penalty mechanism has a
clear impact on carrier cancellation decisions but that this impact is limited to discretionary
cancellations. It also showed that carriers respond somewhat to the shipment price in their
cancellation behavior, and that their bids combine both immediate and gradual forms of at-
trition. Both these patterns are consistent with the simple model of Section 3.1 where carri-
ers respond to the reputational penalty by integrating it into their outside offer reserve price
r∗ = b−c+κ. Section 3.3 found that carriers whose cancellationwould raise their adjustment
more do not respond more to the 48-hour deadline (Figure 4). I therefore treat κ as a single
perceived penalty that rationalizes the sudden drop in the cancellation hazard rate. In the
next section, I develop the full structural model which rationalizes these observed patterns in
carrier behavior.

4 Empirical Model

This section builds the full structural model of carrier decisions and the equilibriummodel of
the platform’s auction dynamics. The model is specified for an individualmarket which is a
combination of a lane and a pickup date. Time is continuous, and the model covers the last
eight days before pickup. I index days by d, the number of days left before pickup: in the data,
d = 0 is the last 24 hours, d = 1 the 24 hours before that, and so on, so the communicated 48
hour penalty period includes days 0 and 1. Themarket endswhen d = −1. In themodel, a day
does not last exactly 24 hours. It ends at a random time, at rate η, which I normalize to one,
so it lasts one day on average. Every other event also arrives at random, at a rate per day that
can depend on d. The model is thus a continuous-time Markov chain, simplifying transition
dynamics by eliminatingmultiple different events occurring simultaneously (Doraszelski and
Judd 2012). Since the time horizon is very short, I assume both carriers and the platform do
not discount their future payoffs.

4.1 Carrier Behavior

Carriers view shipment opportunities on the platform at an exogenous rate. Each time they
view a shipment, they draw costs c ∼ N(µc

d, σ
c
d) fromaday-dependent distribution. Given this

cost, they can ignore the shipment,matchwith it immediately at theAccept-Nowprice pAN , or
place abid b. A pendingbid bwins at Poisson rate γd(b)onday d.11 Upuntil themarket’s pickup

11. The win rate also depends on the day the bid was placed, which I leave implicit until Appendix B.3.
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time, a carrier receives outside offers at a constant rate λ. Each outside offer is described by
its net payoff π ∼ G. If a carrier ismatched to a load, taking an outside offermay subject them
to a time-dependent penalty κd, the perceived reputational penalty of Section 3.4. Based on
the evidence from subsection 3.2, we will assume κd = 0, ∀d ≥ 2 and κd = κ > 0, d =

0, 1. Carriers may also be subject to forced cancellations due to exogenous events like truck
breakdowns. These immediately end a carrier’s participation in the market and leave them
with a normalized payoff of 0 and an eventual penalty κd if they were matched.12 When a bid
wins, the carrier has only ten minutes to confirm it. Many carriers are owner-operators who
drive their own trucks and cannot always watch their bids. A carrier therefore notices a win
in time to confirm it with probability αd, which I call attention, where d is the day of the win.
Figure 3c motivates this feature, as even bids accepted within minutes of being placed often
go unconfirmed, which outside offers alone cannot explain.

Carriers can bid onmany loads at once, even on loads that conflict with one they already hold
(see Section 2.1). Following every load a carrier holds would make its problem very large, so I
model each load on its own and restrict the estimation sample to the first decision or commit-
ment a carriermakes to reduce the cross-influence of different shipment opportunitieswithin
the platform. On a given load, the carrier is in one of three positions: it is free, with no bid or
match on the load; it has a pending bid; or it ismatched. A matched carrier is paid the agreed
price b at pickup and bears its cost c of hauling the load, so it earns b− c. Other platform loads
will still be anticipated via the outside offer process λ andG, much as bidders in Backus and
Lewis (2024) form expectations about future auctions. In the simulatedmarket of Section 4.4,
a carrier can hold bids on several loads of the same lane and pickup date at once, and leaving
a match for another of these loads works like leaving it for an outside offer.

4.2 Values and the Cancellation Rule

A carrier’s value on a load depends on its position and on the day. I write Ud for the value of
being free, Wd(b, c) for the value of a pending bid b, and Vd(b, c) for the value of a match at
price b, at cost c. Each value is then an average over what can happen next: an outside offer,
a forced cancellation, a win, or the end of the day, each weighted by its rate. Leaving out the

12. These could also be modelled as a very attractive outside offer, such that no reasonable penalty could pre-
vent a carrier from taking it. Since the counterfactual simulation will difference out baseline carrier welfare, the
carrier’s exit value upon a forced shock is immaterial to the results.
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arguments b and c, the values solve

(η + λ+ λFd )Ud = λEπ∼G max{Ud, π}+ η Ud−1, (4)

(η + λ+ λFd )Vd = λEπ∼G max{Vd, π − κd} − λFd κd + η Vd−1, (5)

(η + λ+ λFd + γd)Wd = λEπ∼G max{Wd, π}+ γd
[
αdVd + (1− αd)Ud

]
+ ηWd−1, (6)

with terminal values at pickup U−1 = W−1 = 0 and V−1 = b − c. From here on, η = 1.
Appendix B derives the three equations.

In equation (4), a free carrier takes an offer if it beats the value of staying free. A forced shock
leaves it with nothing, and when the day ends it moves on to the next one. Equation (5) adds
the penalty. A matched carrier who takes an offer bears κd, and so does a matched carrier
hit by a forced shock. In equation (6), a pending bid also wins at rate γd(b). The carrier then
confirms with probability αd and becomes matched; otherwise it is free again. Walking away
from a bid costs nothing, so a carrier with a pending bid takes any offer that beatsWd(b, c). A
forced shock leaves the carrier with nothing from the bid.

Amatched carrier cancels for anoutsideofferwhen theoffer, net of thepenalty, beats the value
of keeping the match, that is, when π exceeds the cutoff r∗d(b, c) = Vd(b, c) + κd. This is the
cutoff r∗ = b− c+κ of Section 3.1, with b− c replaced by the value of keeping thematch. That
value counts the option to cancel for a better offer later and the risk of a forced cancellation,
and it equals b− cwhen neither can happen before pickup. Let Ḡ = 1−G, so that Ḡ(r) is the
chance that an offer beats r. Offers above the cutoff then arrive at rate λḠ

(
r∗d(b, c)

)
. On a day

without a forced cancellation, amatched carrier cancels if such an offer arrives before the day
ends. This happens with probability

Pr(cancel on day d | b, c) =
λḠ

(
r∗d(b, c)

)
1 + λḠ

(
r∗d(b, c)

) . (7)

When the penalty starts at 48 hours, the cutoff jumps up and the daily chance of a cancellation
falls, which is the model’s version of the drop in Figure 3a. The same probability applies to a
match taken at the platform’s posted Accept-Now price pAN , with pAN in place of b. A higher
matchprice raises the valueof keeping thematch, and so thecutoff. InFigure3b, cancellations
fall with the Accept-Now price much more than with the bid. The platform sets the Accept-
Now price, so how cancellations move with it is informative about G (Section 5). A bid, in
contrast, moves with the carrier’s cost, as equation (3) shows.
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4.3 Confirmation, Bidding and the First Choice

Awon bid is confirmed if two things happen. First, the carriermust still be there when the bid
wins, that is, itmust not have left for an offer aboveWd(b, c) or been hit by a forced shock since
placing the bid. A carrier who has left does not confirm, and the platformmoves on to the next
bid (Section 2.1). Second, the carrier must notice the win, which it does with probability αd

on the day of the win. For a bid placed on day db and accepted by the platform on day da, the
confirmation probability is

Pr(confirm | b, c) = αda

db∏
k=da

1 + γk(b)

1 + γk(b) + λḠ
(
Wk(b, c)

)
+ λFk

. (8)

The product falls as the wait between the bid and the win grows, as confirmation does in Fig-
ure 3c. Attention keeps confirmation belowone evenwhen the bidwins soon after it is placed.
Because the model tracks the day but not the hour, attention also absorbs the fast fall in con-
firmation over the first hours after a bid.

A carrier bids once, when it first views the load, and does not revise its bid.13 A carrierwith cost
c viewing the load on day d picks the bid b∗d(c) that maximizesWd(b, c). Appendix B.3 derives
the bid’s first-order condition, equation (B.3). It also writes the optimal bid, in equation (B.4),
as a weighted average, over the days on which the bid can win, of bids of the form of equa-
tion (3). Each of these covers the cost, the outside offers the carrier gives up and the penalties
it expects to bear, per completed load, plus a markup. The expected penalties also include
those of forced cancellations inside the last 48 hours. For a given bid, the first-order condition
gives the cost at which that bid is optimal, and Section 5 uses this to recover each bidder’s cost
from its bid.

When a carrier views a load on day d, it chooses among three options. Ignoring the load leaves
it free, which is worth Ud. Accepting the load nowmakes it matched at the Accept-Now price
pAN , worthVd(pAN , c). Bidding isworthWd

(
b∗d(c), c

)
. To fit the observed shares of each choice,

I subtract hassle costs cAN and cbid from the values of accepting now and of bidding, and add
independent logit shocks with scale σchoice.14 The probability of option k, for ignoring (I),

13. Carriers can change their bids at any time, but they rarely do.
14. I leave the hassle costs and the logit shocks out of welfare. Counting them would change carriers’ payoffs

mechanically with every view.
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accepting now (A) or bidding (B), is then

Pr(k | c) =
exp

(
uk/σchoice

)∑
ℓ∈{I,A,B} exp

(
uℓ/σchoice

) ,
uI = Ud, uA = Vd(p

AN , c)− cAN , uB = Wd

(
b∗d(c), c

)
− cbid.

(9)

Section 5 estimates the model from four of its pieces: the cost behind each bid, the confirma-
tion probability (8), the daily cancellation probability (7) for matches won with a bid or taken
at the Accept-Now price, and the choice probabilities (9).

4.4 The Simulated Market

For the counterfactuals, I place these carriers in a simulated market for one lane and pickup
date. Over the last eight days before pickup, carriers and loads arrive and carriers view loads,
at daily rates taken from the data; some loads are already posted when the market opens. At
a view, the carrier draws its cost and ignores the load, bids or accepts now, as in Section 4.3.
A load’s reserve and Accept-Now prices are multiples of the platform’s price forecast for the
load, with one multiple per day taken from the data (Appendix D).

Each load’s auction clears at random times over the last five days. In a clearing, the platform
goes up through the bids at or below the reserve price, lowest first. A bidder confirms if it
notices the win, with probability αd, and does not hold a match it values more than the new
one net of the penalty for leaving it. The first bidder who confirms wins the load. The bids
passed over are lost, and the others stay pending.

A carrier can hold several bids and one match. A matched carrier can leave its match for an-
other load on the platform, by accepting it now or bywinning its auction, and it then bears the
penalty. A carrier leaves the market when an outside offer beats the value of its best position,
plus the penalty if it is matched, or when a forced shock hits, at the penalty if it holds amatch.
Loads also fall off for reasons outside the carriers’ control.

At pickup, each match pays the carrier its price minus its cost, and pays the platform what
the shipper paysminus that price. A load still unmatched at pickup costs the platform a share
L of what the shipper pays. L is the cost of not matching the shipment, in which case the
platformhas to ask the shipper to reschedule or cancel it. Sincemost shipments come through
relational contracts with shippers, this also has consequences for the platform’s relationship
with the shipper. Welfare adds the platform’s profit to carriers’ payoffs,measured against what
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carriers would earn without the platform. A reputational penalty is a loss to the carrier who
cancels that nobody receives, while a monetary penalty of the same size is a transfer to the
platform (Section 3.4). I let it affect the platform only through carriers’ choices, since steering
future loads away from carriers who cancel adds little to the platform’smargin (Appendix A.1).

In a counterfactual, the win rates change with carriers’ behavior, so I solve for them as an
equilibrium: given thewin rates, carriersbidandconfirmasabove, and the simulatedauctions
produce new win rates. I repeat until the two agree (Appendix E).

5 Estimation

I estimate the carrier model of Section 4 separately for the two lanes, Seattle to San Francisco
and Los Angeles to Phoenix. Section 5.1 explains which of carriers’ decisions the estimation
uses, and why. Section 5.2 describes the likelihood and what in the data identifies the penalty
and the outside offers. Section 5.3 presents the estimates.

5.1 Which Decisions the Estimation Uses

Since themodel treats each load on its own (Section 4), the estimation uses only each carrier’s
first decisions for each pickup date: the loads it views and ignores up to its first bid or accept-
now, together with that bid or accept-now; whether it confirms its first accepted bid; and its
daily choices to keep or cancel its first match. A bid or amatch on another lane also counts in
deciding which decision comes first, since it can take the same truck.

These are the decisions a carriermakes before it ismatched to another load for the date, which
is the situation themodel describes. Later decisionsdependon the carrier’s othermatches and
bids in ways the model would misread: a carrier that turns down a win because it is already
matched would look inattentive, a backup bid would invert to the wrong cost, and ignoring
a load while another bid is pending would look like a high cost. Whether a decision enters
the sample depends only on what happened before it, and each load brings a fresh cost while
outside offers arrive at the same rate whatever the carrier’s other matches and bids, so the
decisions kept are as informative about costs and offers as those left out.

The sample covers each lane’s loads with pickup dates in 2021–22, all carriers active on them,
the last eight days before each pickup, and bids and Accept-Now prices in the usual range rel-
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ative to the spot rate. Appendix C.1 gives each rule, the counts and the limits of the argument
above.

5.2 Likelihood and Identification

I take two inputs directly from the data, before estimating the rest of the model. The first is
the daily rate of forced cancellations, λFd : the number of forced cancellations per daymatched
without a cancellation, from the first matches of the sample. The second is the chance that
a pending bid wins on a given day, as a function of the bid, which gives the win rates γd(b). I
estimate it from all bids on the lane’s loads, separately by the day the bid was placed and the
day it wins (Appendix C.3). Unlike the likelihood, this uses every bid, since every bid competes
in the auction.

The other 21 parameters are estimated jointly bymaximum likelihood. They are the penaltyκ,
five attention probabilities α0, . . . , α4, the mean µπ and standard deviation σπ of the outside
offers, the logit scale σchoice and the hassle costs cbid and cAN . The cost distribution adds a
mean and a standard deviation for loads viewed on each of the last four days before pickup
and for loads viewed earlier. The net payoffs of outside offers are normal,G = N(µπ, σπ), the
same on every day. I normalize the rate at which offers arrive to λ = 1, one offer a day on
average. The rate can be normalized because only offers good enough to take affect behavior,
and these arrive at rate λḠ, so more frequent offers act much like a fatter tail ofG.

The likelihood follows each decision in the sample, beginningwith a bid. At given parameters,
the bid’s first-order condition, equation (B.3), gives the cost at which the bid is optimal, and I
invert eachbid to that cost. Everypart of the likelihood that involves thebid thenuses this cost.
For a first bid, the cost distribution of the day of the view gives the density of the bid, adjusted
for how fast the inverted cost changes with the bid, and equation (9) gives the probability of
choosing to bid rather than ignore the load or accept it now. If the bid is the carrier’s first
acceptance, equation (8) gives the probability that the carrier confirms it. If it becomes the
first match, equation (7) gives the daily probability of cancelling it. Since the inverted cost
depends on the parameters, the inversion sits inside the likelihood and is redone at every trial
value of the parameters.

For a load that the carrier accepts now or ignores, the cost is not revealed. The probability
of the choice, together with the daily probabilities of cancelling that follow an accept-now, is
therefore integrated over the cost distribution of the day of the view. A forced cancellation
ends amatch for reasons outside the carrier’s choice, so amatch enters the likelihood only up
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to the day before a forced cancellation. Appendix C.2 states the likelihood in full. Standard
errors come from a sandwich estimator, clustered by carrier and pickup date and corrected
for the sampling error of the two inputs from the data (Appendix C.5).

Identification. Outside offers are not observed, so the distribution G must be read from
carriers’ choices. The Accept-Now price is informative about the slope of the tail of G: how
fast the chance of a better offer, Ḡ, falls as the value of the carrier’s match rises. The platform
posts the Accept-Now price, so unlike a bid it does not move with the carrier’s cost. A higher
Accept-Now price raises the value of a load taken at that price, and with it the cutoff an offer
must beat for the carrier to cancel. Howcarriers’ choices to acceptnow, and their cancellations
after accepting now, change with the posted price therefore show how quickly better offers
become rare.

Given G, the size of the drop in cancellations at the 48-hour deadline gives the penalty. Take
a match whose value of keeping, V , is about the same on both sides of the deadline. Before
the deadline, the carrier cancels it for any offer above V . Inside the last 48 hours, it cancels
only for an offer above V +κ. When the daily chance of cancelling is small, equation (7) gives,
approximately,

Pr(cancel on a day in the last 48 hours)
Pr(cancel on a day before them)

≈ Ḡ(V + κ)

Ḡ(V )
. (10)

The data give the ratio on the left. Given the slope of the tail of G, the drop shows how far
the penalty must raise the cutoff, which is κ. The faster the chance of a better offer falls, the
smaller the penalty that produces a given drop.

Attention comes mainly from bids that win on the day they are placed. Such a bid has little
time to lose its carrier to an outside offer or a forced cancellation, so the share of these wins
that carriers confirm is close to attention.

5.3 Estimates: One Penalty, Two Kinds of Outside Offers

Table 4 reports the main estimates, and Figure 5 shows the outside offers of each lane. Ta-
ble C.2 reports all 21 parameters.

The perceived penalty is close to a tenth of the spot rate in both lanes: 9.8% on Seattle to San
Francisco and 8.1% on Los Angeles to Phoenix. It is the one-time cost that carriers act as if
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Table 4: Estimates of the carrier model

Seattle– Los Angeles–
San Francisco Phoenix

Penalty
Perceived penalty κ, last 48 hours 0.098 0.081

(0.036) (0.010)

Outside offers (one a day on average)
Offer with a positive net payoff, P (π > 0) 0.099 0.365

(0.025) (0.037)
Offer that beats a typical match:
before the last 48 hours, P (π > ŷ) 0.034 0.054

(0.003) (0.003)
in the last 48 hours, P (π > ŷ + κ) 0.020 0.019

(0.002) (0.001)
Share of these cancellations the penalty prevents 0.397 0.639

(0.077) (0.032)

Attention
On the pickup day, α0 0.482 0.505

(0.018) (0.014)
On the day before pickup, α1 0.584 0.577

(0.016) (0.011)

Mean cost of hauling the load
Load viewed 4 or more days before pickup, µc

4+ 0.835 0.802
(0.011) (0.006)

Load viewed on the pickup day, µc
0 0.879 0.956

(0.036) (0.009)

Clusters (carrier× pickup date) 27,502 116,032

NOTE: Maximum likelihood estimates, with standard errors in parentheses: sandwich, clustered by carrier and
pickup date, and corrected for the inputs taken from the data; by the deltamethod for quantities computed from
the parameters. Prices, costs and payoffs are in units of the load’s spot rate. Outside offers arrive once a day on
average, and P (π > y) is the chance that an offer has a net payoff above y. The value of a typical match, ŷ, is
the median value of keeping a first match won with a bid, Vd(b, c), over days 2 to 4 before pickup on which the
carrier was matched to the load and could cancel it. The share of these cancellations the penalty prevents is
1−P (π > ŷ+ κ)/P (π > ŷ). Attention on days 2, 3 and 4 before pickup: 0.634, 0.647 and 0.603 on Seattle to San
Francisco; 0.638, 0.626 and 0.596 on Los Angeles to Phoenix. All 21 parameters are in Table C.2.
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they bear when they cancel inside the last 48 hours, the same for every carrier.

The two lanes have penalties of about the same size, but different outside offers. On Seattle to
San Francisco, the daily chance of an offer with a positive net payoff is 9.9%, against 36.5% on
Los Angeles to Phoenix. But in Figure 5, the curve for Seattle to San Francisco falls muchmore
slowly, and the two curves cross. On Seattle to San Francisco, good offers are rare, but some
are large. On Los Angeles to Phoenix, they are frequent but modest.

The effect of the penalty depends on these curves at the average value of being matched to a
load. Take a typical load won with a bid, whose value of keeping is ŷ. Before the last 48 hours,
the carrier cancels it for any offer above ŷ. The daily chance of such an offer is 3.4% on Seattle
to San Francisco and 5.4% on Los Angeles to Phoenix. Inside the last 48 hours, the offer must
also cover the penalty, and the chance falls to 2.0% and 1.9%. A penalty of about the same size
thus prevents 40% of these cancellations on Seattle to San Francisco and 64% on Los Angeles
to Phoenix. This share is oneminus the ratio in equation (10), at the typical match. On Seattle
to San Francisco, the cancellations that remain are for large offers, which a penalty of this size
does little to stop.

This is the comparative static of the model in Section 3.1. There, a carrier cancels with prob-
ability 1 − G(r∗), and the penalty raises the cutoff r∗. How much this lowers the chance of
cancelling depends on how fast the chance of a better offer falls above the cutoff. On Seattle
to SanFrancisco, this chance falls slowly as the cutoff rises, so the penalty stops a smaller share
of cancellations. On Los Angeles to Phoenix, it falls fast, so the penalty stops a larger share.

The difference matters for the counterfactuals. On Seattle to San Francisco, the penalty pre-
vents a smaller share of cancellations, and each cancellation that goes ahead is worthmore to
the carrier. Unlike the reputational penalty, which nobody receives, a monetary penalty goes
to the platform. Such a penalty would therefore bring in more money on Seattle to San Fran-
cisco for each cancellation it prevents. Section 6 examines what this means for the monetary
penalty that the platform would choose.

Attention is lowest on the pickup day. A carrier notices a win on that day in time to confirm it
with probability 0.482 on Seattle to SanFrancisco and 0.505 onLosAngeles to Phoenix, against
0.584 and 0.577 on the day before, andmore on earlier days. Costs mostly rise toward pickup.
Themean cost of hauling a load viewed on the pickup day is 0.879 of the spot rate on Seattle to
San Francisco and 0.956 on Los Angeles to Phoenix, against 0.835 and 0.802 for a load viewed
four ormoredays ahead. OnSeattle to SanFrancisco, themean cost is highest for loads viewed
the day before pickup (Table C.2).
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Figure 5: Outside offers in the two lanes
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NOTE: The daily chance of an outside offer with a net payoff above y, P (π > y) = Ḡ(y), at the estimated µπ and
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Dotted lines: ŷ + κ, the cutoff inside the last 48 hours. Arrows and percentages: the fall in this chance from ŷ to
ŷ + κ, the share of cancellations of a typical match that the penalty prevents.

The raw offer parameters of Seattle to San Francisco, the mean µπ and standard deviation σπ

ofG, are imprecise and tightly linked, because a lower mean with a wider spread fits the data
almost aswell (TableC.2). The chances of an offer that beats a typicalmatch, before and inside
the last 48 hours, are precise in both lanes, which is why the table reports chances rather than
the raw parameters.

The simulated market also needs the platform’s side: the arrivals of carriers, loads and views,
the reserve and Accept-Now prices, and the cost of a load still unmatched at pickup (Ap-
pendix D).

6 Counterfactuals

Section 2.3 directlymeasuredwhat a late carrier cancellation costs theplatformon the specific
load that was cancelled on, giving us a baseline for what a compensatory damages penalty
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would look like in the conventional contract law sense. In the counterfactuals, we extend
this analysis to consider the broader effects of a cancellation on the platform’s other loads
and on the other carriers in the market, as well as the effect of a cancellation policy on carri-
ers’ forward-looking bidding strategies, which will have implications for the number of initial
matches formed.

To do this, I simulate counterfactuals where I vary the level of the penalty κ charged in the
last 48 hours, and resolve themarket’s equilibrium in each case holding the platform’s reserve
and Accept-Now prices fixed (Section 4.4). As a reminder (Section 3.4), the penalty can be
reputational, in which case it purely burns carrier utility, or a monetary fee collected by the
platform, which then acts as a transfer. This distinction has important implications both for
welfare aswell as the platform’s incentives in penalty design. I report profit andwelfare figures
relative to the zero penalty scenario.

6.1 Simulating the Damages of a Cancellation

To evaluate the damage caused by a cancellation, I run an exact counterfactual copy for every
simulated cancellation. A carrier cancels for an outside offer, to switch to another of the plat-
form’s loads, or because a forced event outside its control ends its participation (Section 4.1).
When that occurs, the simulation state is copied exactly, including all future random draws,
and only the cancellation event is negated, meaning the carrier turns down the offer, does
not take the other load, or is not hit by the event. A comparison of the final counterfactual
outcomes with each copy provides the exact ex-post damage caused by a cancellation. These
are then averaged over all simulated cancellations occurring in the last 48 hours. The damage
comparisons take place at three levels.

Bilateral damages are the platform’s direct loss on the load the carrier cancelled, against the
twin: a replacement’s higher price, or, if no one replaces the carrier, the lost margin and even-
tual relational consequences. These are contract law’s compensatory (expectation) damages,
the loss to the party (in this case, the shipment) the carrier contracted with (Section 2.3).
Platform-wide damages are bilateral damages less what the platform recovers on its other
loads of the same lane and pickup date. A switch loses the platform one match and gains it
another, so nearly all of this recovery comes fromcarrierswho switch. Platform-widedamages
are the platform’s own view of what would make it whole, not a legal measure. The market-
wide cost is platform-wide damages less what other carriers gain. It is the cost to the platform
and every other carrier, leaving out the carrier who cancels, and it counts a replacement car-
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Figure 6: What a cancellation costs, at every penalty
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95% intervals. The solid vertical line marks the status quo, the estimated penalty.

rier’s whole surplus as a gain.

Each measure averages over the cancellations in the last 48 hours that still happen at a given
penalty, and each rises with the penalty (Figure 6). The damages rise modestly because a
higher penalty discourages carriers from taking on loads, particularly if they would be switch-
ing from another load and would themselves be subject to a penalty. The intersections of the
damage curves with the 45-degree line represents fixed points where the penalty exactly re-
flects the corresponding damage measure, and thus serve as natural benchmarks for setting
the penalty. The estimated penalty is well above themarket-wide cost; its 95% interval, with a
standard error of 0.036, spans both damages benchmarks.

Withnopenalty, thebrackets in Figure 6, with themarket-wide cost below them, split the 0.134
of bilateral damages three ways: 0.047 recovered on the platform’s other loads, 0.069 gained
by other carriers, and 0.018 ofmarket-wide cost. Most of the platform’s loss on the load is thus
not lost to the market, and much of it goes to the carrier whomoves the load instead.
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Figure 7: Welfare, carriers’ surplus and the platform’s profit at every penalty
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6.2 Profit andWelfare under Different Penalties

Figure 7 shows how welfare, carriers’ surplus and the platform’s profit on Seattle to San Fran-
cisco change as the penalty is increased from zero. Total welfare is always highest with no
penalty, and lower under every benchmark penalty, driven by lower carrier surplus. The plat-
form’s payoffs, and thus incentives, dependon the typeof penalty. With a reputational penalty,
the platform collects nothing, and the cancellations a penalty prevents aren’t enough to off-
set the overall loss in matches, so its profit peaks at zero penalty, the welfare-maximizing
level.15 With monetary penalties, the platform collects additional revenues, making a non-
zero penalty profitable, at the cost of carrier welfare. Table 5 reports welfare and profits under
monetary penalties at penalty levels for both the Seattle to San Francisco and Los Angeles to
Phoenix lanes.

Table 5: Welfare and the platform’s profit at each benchmark, with a monetary penalty

Seattle–San Francisco Los Angeles–Phoenix

Platform’s Platform’s
Penalty Welfare profit Penalty Welfare profit

No penalty 0.000 1.782 −0.353 0.000 3.405 0.882

Change from no penalty
Penalty equal to the market-wide cost 0.020 −0.010 0.019 0.018 −0.028 0.006
Status quo (estimated penalty) 0.098 −0.057 0.055 0.081 −0.127 −0.006
Penalty equal to platform-wide damages 0.111 −0.065 0.057 0.098 −0.150 −0.013
Penalty equal to bilateral damages 0.151 −0.091 0.060 0.111 −0.166 −0.018
Profit-maximizing monetary penalty 0.159 −0.096 0.060 0.027 −0.041 0.007

NOTE: Per market, in shares of the spot rate, with a monetary penalty in the last 48 hours, collected by the plat-
form. The first row gives levels with no penalty, and the other rows give changes from no penalty, linear between
grid points. The benchmarks are those of Figure 6 and, for Los Angeles to Phoenix, Figure E.1. The platform’s
profit counts the cost of loads still unmatched at pickup, which on Seattle to San Francisco exceeds its margins
onmatched loads. Standard errors of the changes, paired by market, are at most 0.003.

On both lanes, the status quo penalty level is close to the platform-wide damage level, sug-
gesting a reasonably calibrated penalty from the classic contract law perspective. However,
this penalty level is neither welfare-maximizing nor profit-maximizing for the platform. The
two lanes contrast in terms of their profit-maximizing penalty levels. On the Seattle to San-
Francisco lane the profit-maximizing penalty is slightly above bilateral damages, while on the
Los Angeles to Phoenix lane it is a little above the market-wide cost. The similarities to these
damage levels is likely coincidental, but the difference between lanes can be explained by the

15. This is also the case on the Los Angeles to Phoenix lane, as seen in Figure E.2
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different nature of their outside offer processes. Recall from subsection 5.3 that carriers on
the Los Angeles to Phoenix lane are more likely to receive outside offers and that these out-
side offers have a tighter distribution. Thus, the opportunity cost of penalties is higher and
scales faster with the penalty level, so the negative pass-through effect is stronger on Los An-
geles to Phoenix (pass-through of 0.41 per unit of penalty) than on Seattle to San Francisco
(pass-throughof 0.20), rationalizing the lower profit-maximizingmonetary penalty on the Los
Angeles to Phoenix lane.

6.3 The Tax onMatching

A penalty taxes two decisions: whether to cancel, and whether to match. A carrier who may
face a penalty for leaving amatch values thematch less, so it bids higher and takes fewer loads
at the Accept-Now price. In the bid equation (3) of Section 3.1, the penalty enters every bid,
weightedby the chance of cancelling over the chance of completing. Figure 8 showsbothdeci-
sions. At the estimated penalty, matchesmade, leaving out those that shippers cancel, change
by −0.67 per market, and carrier cancellations by −0.57, so completed matches change by
−0.10. A switch is one match made and one cancelled, so fewer switches explain part of the
fall in matches made. Completed matches are the relevant measure, and they fall at every
penalty even though a penalty prevents cancellations.

A match is worth more to the market than to the carrier who chooses it. Two parts of its value
lie outside that choice: the platform’smargin, 0.078 of the spot rate per completedmatchwith
no penalty, and the cost of not matching the load, which the match avoids, 0.159. A small fall
in completed matches therefore costs a lot. Deterring a discretionary cancellation saves the
platform and other carriers only 0.010. Per cancellation that a small penalty prevents, the tax
onmatching costs welfare 0.065, mostly in lost completedmatches (Appendix E.5). Welfare is
therefore still rising as the penalty falls to zero, with a slope of−0.38 per unit of penalty if the
penalty is monetary, since the market lacks matches rather than restraint in cancelling.

6.4 Penalty Timing

A platform that could charge a monetary penalty would also charge earlier than the market-
wide cost warrants. To see this, I move the start of the penalty window, so that the penalty
applies only in the last 24 hours, or over the last 72 (Table 6). With no penalty, themarket-wide
cost is positive only for cancellations in the last 24 hours. Earlier ones slightly help themarket,
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Figure 8: Matches and carrier cancellations at every penalty
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since the freed load is rematched more often and other carriers gain more than the platform
loses. On Seattle to San Francisco, however, each wider window adds to the platform’s profit
at the profit-maximizing monetary penalty. On Los Angeles to Phoenix, the market-wide cost
follows the same pattern, but the profit-maximizing penalty is small in every window, and a
wider window adds little to the platform’s profit.

The Handy settlement described in the introduction limited both when its fees applied and
how large they could be. In themodel, a limit on timing alone is undone by a highermonetary
penalty. If the platform may charge only in the last 24 hours, the profit-maximizing penalty
rises (Table 6). Across the penalties within one standard error of the profit-maximizing one,
welfare with a monetary penalty then changes by −0.102 to −0.084 per market, the same as
with the 48-hour window. A limit on the amount is the only policy that helps. A ban keeps
welfare at its peak, and a capnear themarket-wide cost changeswelfare by−0.010 permarket,
against−0.096 at the profit-maximizing penalty (Table 5).
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Table 6: Market-wide cost and the profit-maximizing monetary penalty, by penalty window

Seattle–San Francisco Los Angeles–Phoenix

Market- Profit- Market- Profit-
Penalty applies wide maximizing Platform’s wide maximizing Platform’s
in the cost penalty gain cost penalty gain

Last 24 hours 0.031 0.197 0.050 0.025 0.028 0.006
Last 48 hours −0.007 0.169 0.060 −0.009 0.028 0.008
Last 72 hours −0.019 0.141 0.068 −0.015 0.028 0.008

NOTE: Shares of the spot rate, with amonetary penalty. Themarket-wide cost is the average per cancellationwith
no penalty, for the cancellations in the hours that each window adds: the last 24 hours, then 24 to 48 and 48 to
72 hours before pickup. The platform’s gain is the change in its profit from no penalty at the profit-maximizing
monetary penalty, per market. On Seattle to San Francisco, the profit-maximizing penalties of the 48- and 72-
hour windows are within one standard error of each other. Appendix E.6 gives the standard errors.

6.5 Alternative Barriers to Monetary Penalties

Curbs on amonetary penalty matter only for a platform that puts little weight on carriers and
collects it cheaply. A platformmay value carriers’ surplus because it wants to keep them. Col-
lecting a fee also costs something, such as billing carriers and pursuing those who do not pay.
Suppose the platform chooses its penalty tomaximize aweighted sumof carriers’ surplus and
its profit, net of a cost for each payment it collects (Appendix E.7). On Seattle to San Francisco,
with no cost of collection, the penalty disappears once the platform puts between a third and
a half of its weight on carriers. With no weight on carriers, it disappears once each payment
costs several percent of the spot rate to collect. Together, smaller amounts are enough (Fig-
ure E.4). On Los Angeles to Phoenix, a weight of a quarter, or a cost of one percent of the
spot rate per payment, is enough on its own. A small collection cost, however, first raises the
penalty, which fewer carriers then pay, so it can lower welfare.

To sum up, bilateral damages, contract law’s compensatory measure, would charge a cancel-
lation more than seven times its market-wide cost, and the tax on matching outweighs even
that cost. A reputational penalty keeps the platform in line with the market: nobody receives
it, and the platform’s profit, like welfare, peaks at no penalty. A monetary penalty would not,
since the platform would charge one for the money. For a regulator, a limit on the amount
matters more than one on timing.
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7 Conclusion

Contract law prices a broken agreement at compensatory damages, the loss to the party left
behind. Diamond andMaskin (1979) compare damage rules in amarket wherematched par-
ties keep searching, so that a brokenmatch also affects others. This papermeasures that com-
parison on a freight platform, where carriers can cancel a match before pickup and the plat-
form penalizes late cancellations through their future bids. Most of what a cancellation costs
the platform on the load is not lost to the market, since the platform recovers part of it on its
other loads, mostly from carriers who cancel tomove another of them, and other carriers gain
most of the rest. A penalty equal to compensatory damages would therefore charge a cancel-
lation more than six times what it costs the market, on both lanes. The penalty that carriers
perceive on the platform is in the range of compensatory damages.

Even a penalty equal to the market’s cost lowers welfare, because a penalty acts on two deci-
sions: whether to cancel, andwhether tomatch. A carrier whomay face a penalty for leaving a
match values thematch less, so it bids higher and takes fewer loads at the posted price. Fewer
matches last to pickup, and since a completed match is worth more to the market than to the
carrier who chooses it, welfare is highest with no penalty. The right to renege thus lets car-
riers take loads before they know their other options, and the market gains more from these
matches than it loses from the cancellations that follow.

The type of penalty decides whether the platform’s interest agrees with the market’s. With
a reputational penalty, which nobody receives, the platform’s profit is also highest with no
penalty. A monetary penalty would let the platform collect part of what carriers gain from
their outside offers, so a platform able to charge one would set it above the market’s cost and
apply it earlier than that cost warrants. Gig platforms that charge workers for cancelling may
face the same incentive, and California’s settlement with Handy limited both when its fees
applied and how large they could be. In the model, a cap on the amount protects welfare,
while a limit on timing alone is undone by a higher penalty.
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Appendices

A Reduced-form evidence: construction and robustness

A.1 Screeningmotives of reputational penalties

In themain text, themodel focuseson the incentive effects of reputational penalties, assuming
they reduce the present discounted value of a carrier’s future profits on the platform. The
penalty affects the platform only through carriers’ choices: the carrier who cancels pays it,
and nobody receives it (Section 4.4). However, this assumption may not hold if reputational
penalties also affect the platform’s profits by screening carriers. A penalty makes a carrier’s
later bids less likely to win, so it steers the platform’s loads away from carriers who cancel
often. This could help the platform, as fewer of its matches would end in a cancellation. A
counterpoint to this argument is that screening could also hurt the platform: carriers who
cancel often may also match at lower prices, so steering loads away from them would raise
what the platform pays. This subsection asks which of the two effects dominates.

To answer this question, the following reduced-form exercise, with minimal modelling as-
sumptions, approximates the potential benefits of screening out frequent cancellers:

1. For each carrier with at least 10 matches, compute the mean cancellation rate and av-
erage margins directly from the data.

2. Rank carriers by their cancellation rate, and exclude the carriers with the highest rates,
who together holdX% of the matches.

3. Evaluate the impact of this exclusion on the overall cancellation rate andmargins of the
remaining matches.

The sample consists of the matches (confirmed bids and accept-nows) of owner-operators
on non-local loads of 300 miles or more with a pickup date in 2021–22, offered in the timed
auctions (Section 2.2): 115,632 matches by 15,579 carriers. A match counts as cancelled if it
ends ina carrier-fault cancellation, as inSection3.2. The3,102 carrierswithat least 10matches
hold 80,903 of these matches (70.0%).
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I focus onmargins here under the assumption that the platform’s remaining carriers will pick
up the slack from the excluded carriers. While unrealistic, this assumption is biased in favor
of screening, as it assumes that the platform can fully replace the excluded carriers with other
carriers and does not suffer any other negative consequences from the reduced carrier base
(in particular, reduced competition in auctions). Let b denote the match price, the price the
platform agreed to pay the carrier, and let v denote the price the shipper pays for the load, its
value to the platform. I focus on two types of margins:

• Bookingmargin= v−b
v

(as if the match is kept)

• Final margin= 1[No cancel]v−b
v

− L1[Cancel]
(accounts for the impact of cancellations)

The final margin is the relevant profit margin I focus on. When the carrier cancels, the final
margin charges the platform the cost of notmatching the load, a shareL of the shipper’s price,
as if the platform had to ask the shipper to reschedule or cancel the shipment. I measureL by
what the platform pays to avoid this, on the 122,053 loads for which the platform accepted a
bid in the last 24 hours before pickup. For each of these loads, I take the highest bid the plat-
form accepted in those 24 hours, whether or not the carrier then confirmed it, and compare it
with the shipper’s price. On average, this bid is 5.3% above the shipper’s price, so L is 5.3%.16

The final margin is a more accurate measure of the platform’s profitability, as it accounts for
the cost of cancellations. It is again biased in favor of screening. It charges every cancellation
the cost of not matching the load, even when the carrier cancels days before pickup and the
platform has time to find another carrier. In the data, the load is rarely lost after a cancellation
(Section 2.3).

Figure A.1 shows the impact of excluding carriers with the highest cancellation rates on the
overall cancellation rate andmargins. Thefigure shows that excludingcarrierswith thehighest
cancellation rates reduces the overall cancellation rate but also reduces the booking margin,
implying that carriers who cancelmore often also tend tomatch at lower prices. Excluding the
carriers with the highest rates, who hold 10.0% of the matches, lowers the cancellation rate
from 14.7% to 11.5%. It also lowers the booking margin from 11.2% to 10.4% of the shipper’s
price. The final margin rises only from 8.0% to 8.1%. Excluding still more carriers lowers it
a little. Once only the carriers who never cancel remain, it is 7.9%, below its level with no

16. The model measures the cost of a load still unmatched at pickup in the same way, from the highest bids
accepted on the pickup day, separately for each of its two lanes (Section D.1).
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exclusion. The two forces nearly offset each other in terms of the finalmargin, suggesting that
the net benefit of screening out carriers who cancel often is small.

Figure A.1: Effect of screening out frequent cancellers on the cancellation rate andmargins
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NOTE: Effect of excluding the carriers with the highest cancellation rates, who together holdX% of the matches
(horizontal axis). Carriers are ranked by their share of matches that end in a carrier-fault cancellation. Left axis:
cancellation rate of the remaining matches (solid). Right axis: margins of the remaining matches, in percent of
the shipper’s price. Bookingmargin (dashed): the shipper’s priceminus thematch price, divided by the shipper’s
price. Final margin (dotted): the booking margin for matches that are kept, and minus L = 5.3% for matches
the carrier cancels: the average amount by which the highest bid the platform accepted in the last 24 hours
before pickup exceeds the shipper’s price. Sample: the 3,102 owner-operators with at least 10 matches on non-
local loads of 300 miles or more with a pickup date in 2021–22 (80,903 matches). Margins leave out the 1.4% of
matches without a usable price. The curves end at 88.6%, where only the 559 carriers who never cancel remain.

In conclusion, while reputational penalties might have a screening effect by discouraging or
excluding frequent cancellers, the net benefit to the platform is small under conservative as-
sumptions. The loss of carriers whomatch at lower prices largely offsets the gains from fewer
cancellations. Moreover, reducing the carrier base may adversely affect the platform’s ability
tomeet demand. Therefore, the incentive effects of reputational penalties, as discussed in the
main text, remain the primary channel through which these penalties influence carrier be-
havior and platform performance. This is why the model lets the reputational penalty affect
the platform only through carriers’ choices.

45



A.2 How the quality adjustment and the realized penalty weremeasured

The timed auction ranks bids by the bid plus a carrier-specific quality adjustment. Carriers
saw neither the adjustment nor how it was computed. I recover it from an archive of auction
rankings, which records for each bid the price used to rank it; the adjustment is that price
minus the bid. I then relate the adjustment to the carrier’s recent record on the platform (its
recent carrier-fault cancellations and its other recent outcomes), controlling for carrier and
calendar-time effects, separately for the two periods in which the platform used different ver-
sionsof the rule (2021 and2022). Inbothperiods the adjustment riseswith the shareof carrier-
fault cancellations in the recent record, and one cancellation moves it more when the record
is short. I do not report the form or the coefficients of the reconstructed rule.

The realizedpenalty inFigureA.2 is computedat each latermatch i (105,810matchesofowner-
operators on loads of 300 miles or more). LetHi be the carrier’s record just before match i, bi
its price, si the load’s spot rate, and q(H; b) the adjustment that the reconstructed rule assigns
to a bid b given a recordH . Then

∆i =
100

si

[
q
(
Hi ⊕ cancellation; bi

)
− q

(
Hi ⊕ on-time completion; bi

)]
, (A.1)

whereH⊕e is the recordH with onemore event e: a carrier-fault cancellation inside the com-
municated 48-hourwindow, or an on-time completion.∆i is the percent of spot bywhich one
such cancellation raises the carrier’s adjustment at match i. The tercile analysis of Section 3.3
uses the same quantity, evaluated at the start of each match.

Thecode that reconstructs theadjustment fromtheauctionarchiveandcomputes the realized
penalty is part of the replication package. The platform’s records are confidential and are not
released.

A.3 The 48-hour hazard: specification, tests and the forced comparison
series

The hazard sample consists of the matches of owner-operators on loads of 300 miles or more
in the universe of Section 2.2, won with a bid or taken at the accept-now price, that were still
active at some point in the last four days before pickup. Eachmatch is split into two-hour cells
of time before pickup, with the first hour after the match as a separate segment. For match h
and cell c, yhc is one if the match ends in a cancellation of the given group in that cell, and
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Figure A.2: What one cancellation cost a carrier at each later match
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NOTE: Distribution across matches of the realized penalty of one carrier-fault cancellation inside the commu-
nicated 48-hour window: the change in the quality adjustment at a later match, compared with one on-time
completion, given the carrier’s record and bid at thatmatch, in percent of the load’s spot rate. Themean is 0.62%
of the spot rate. The histogram is drawn up to the 99th percentile. Owner-operators on loads of 300 miles or
more, 2021 and 2022 rule periods (105,810 matches). The adjustment is reconstructed from archived auction
rankings, as described above.

Ehc is the number of hours the match was at risk in the cell. The match’s time at risk starts at
the beginning of the window, or when the match was made if later, and ends at pickup or at a
cancellation of any kind. The model is

E[yhc] = Ehc exp
(
θb(c) + ωk(hc) + ϕFhc + ψAh + βbid (1− Ah) xh + βANAh xh

)
, (A.2)

where θb(c) is an effect for the four-hour bin of time before pickup, ωk(hc) an effect for the two-
hour clock time at themiddle of the cell’s exposure,Fhc indicates the first hour after thematch,
Ah indicates an accept-now match, and xh is the match price as a share of the spot rate. The
model is estimated by Poissonmaximum likelihood with standard errors clustered by carrier.
The two-constant version replaces θb(c) with one constant for the last two days and one for the
two days before; the three-constant version splits the last two days at 24 hours before pickup,
so that the drop at the deadline is measured on the first day after it. Reported hazards are
evaluated at the sample’s exposure-weighted mix of clock times and channels, each channel
at its mean price, outside the first hour after the match.

Figure A.4 shows the prices of these matches, by channel: 72,929matches won with a bid and
32,153 taken at the posted accept-now price.
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Figure A.3: Forced cancellation hazard over the last four days before pickup
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NOTE: As Figure 3a, for forced cancellations (Section 3.2): estimated hazard in percent per hour by four-hour bin
of time before pickup, with 95% confidence intervals clustered by carrier, the constantmore than 48 hours before
pickup and the constant from 48 to 24 hours before pickup (dashed; dark over the hours each is fitted to). Same
matches and regression (equation (A.2)); 6,645 forced cancellations in the window.

Figure A.4: Match prices in the hazard sample, by channel
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NOTE: Number ofmatches bymatch price as a share of the spot rate, stacked by channel: matcheswonwith a bid
and matches taken at the posted accept-now price. Matches of owner-operators on loads of 300 miles or more
with a pickup date in 2021–22 (105,082matches), the sample of Figure 3; drawn over the price range of Figure 3b.
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A.4 Uniformity across realized-penalty terciles: details

Each match is assigned the realized penalty of equation (A.1), evaluated at the start of the
match, and placed in a tercile T (h) ∈ {1, 2, 3} of that penalty. The model replaces the four-
hour bins of equation (A.2) with one constant per tercile on each side of the deadline:

E[yhc] = Ehc exp
( 3∑

T=1

1{T (h) = T}
[
θpreT (1− Pc) + θpostT Pc

]
+ ωk(hc) + ϕFhc + ψAh + βbid(1− Ah) xh + βANAh xh

)
,

(A.3)

where Pc indicates a cell in the last two days before pickup. The deadline response of tercile T
is ρT = exp

(
θpostT − θpreT

)
, and a Wald test with two degrees of freedom checks ρ1 = ρ2 = ρ3.

A.5 Bid confirmation: sample and specification

The confirmation sample starts from the bids of owner-operators. For each carrier and pickup
date in force, I find the carrier’s first bid acceptance among all of its bids, on any load. I keep
it if the load is in the universe of Section 2.2 and is 300 miles or more, and if the acceptance
came before pickup, within the last five days before pickup (the days in which the auction
clears bids, Section 2.1), and less than four days after the bid. A carrier’s later acceptances for
the same pickup date are left out, because by then the carrier may already hold a load for that
day. This leaves 126,003 acceptances by 15,461 carriers, of which 44.7% were confirmed.

The adjusted rates in Figure 3c come from the logit

Pr(confirmi = 1) = Λ
( 39∑

w=1

θw 1{waiti ∈ Ww}+ ωk(i) + τd(i)

)
, (A.4)

where the wait binsWw are 15minutes long in the first hour, one hour long up to one day, and
six hours long after that; ωk(i) is an effect for the two-hour clock time of the acceptance and
τd(i) an effect for the days before pickup of the acceptance. Standard errors are clustered by
carrier. The rate reported for bin w is the average over the sample of Λ(θw + ωk(i) + τd(i)), the
predicted probability with each acceptance’s wait set to bin w.
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A.6 Derivation of the optimal bid

This subsection derives equation (3) of Section 3, using the notation defined there. To solve
the optimal bidding problem, we can define the expected payoff of a bid b, net of the common
continuation value δV(qC), as

γ(b+ q)E [max{b− c, π − κ}] + [1− γ(b+ q)]E [max{0, π}] . (A.5)

Raising the bid increases the payment onlywhen the carrier completes the shipment, an event
with probabilityG(b− c+ κ) conditional on winning. Consequently,

∂

∂b
Emax{b− c, π − κ} = G(b− c+ κ).

Differentiating (A.5), an interior optimal bid b∗ satisfies

γ′(b∗ + q)E
[
max{b∗ − c, π − κ} −max{0, π}

]
+ γ(b∗ + q)G(b∗ − c+ κ) = 0.

(A.6)

Thefirst termcaptures the loss ofwinningprobability fromahigherbid,weightedby thebene-
fit ofwinning rather than remainingunmatched. The second captures the additional payment
when the carrier wins and completes.

Let r∗ = b∗ − c+ κ be the outside-offer cutoff at the optimal bid. The difference between the
expected payoffs from winning and losing is

E
[
max{b∗ − c, π − κ} −max{0, π}

]
= G(r∗)(b∗ − c)− κ[1−G(r∗)]−

∫ r∗

0

π dG(π).

ForG(r∗) > 0, substitution into (A.6) yields

b∗ = c+
κ[1−G(r∗)] +

∫ r∗

0
π dG(π)

G(r∗)
− γ(b∗ + q)

γ′(b∗ + q)
, (3)

which is the optimal bid of Section 3.
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B Carrier Model Derivations

This appendix derives the carrier’s values of Section 4.2, the probabilities of a cancellation and
of a confirmation, and the first-order condition of the bid in Section 4.3. The notation is that
of Section 4.

B.1 Values in Continuous Time

The carrier’s state is its position on the load and the day. Events change the state, and each
kind of event arrives at its own rate: the day ends, an outside offer arrives, a forced shock hits,
or a pending bid wins. Nothing is paid between events, and I do not discount.

Consider a state s, and let νe(s) be the rate of event e in that state, with total rate ν̄(s) =∑
e νe(s). Event e pays ϕe andmoves the carrier to state se. Since nothing is paid while waiting

and nothing is discounted, the time until the next event does notmatter. The value J(s) of the
state is the expected payoff of the next event plus the value of the state it leads to. With events
that arrive at independent Poisson rates, the next event is ewith probability νe(s)/ν̄(s). So

J(s) =
∑
e

νe(s)

ν̄(s)
E
[
ϕe + J(se)

]
.

An outside offer brings a choice. The carrier either keeps its position, worth J(s), or takes the
offer, which pays its net payoffπ and ends the carrier’s time on the load. For an offer, ϕe+J(se)

is the better of the two. A carrier who has left the load, after an offer or a forced shock, gets
nothing more from it. Multiplying through by ν̄(s) gives the form of Section 4.2: the total rate
of events times the value equals the sum, over events, of each rate times what the event is
worth.

A free carrier onday d faces three events. An outside offer arrives at rateλ, and the carrier takes
it if π exceedsUd. A forced shock arrives at rate λFd ; it ends the carrier’s capacity for the pickup
date and pays nothing. The day ends at rate η, and the carrier is free on day d− 1. Hence

(η + λ+ λFd )Ud = λEmax{Ud, π}+ η Ud−1. (4)

A carrier still free at pickup earns nothing from the load, so U−1 = 0.

A matched carrier faces the same three events. Taking an offer cancels the match, so the offer
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is worth π−κd, net of the penalty. A forced shock also cancels thematch, and the carrier pays
κd. At pickup, the carrier hauls the load and earns V−1 = b− c. Hence

(η + λ+ λFd )Vd = λEmax{Vd, π − κd} − λFd κd + η Vd−1. (5)

A carrier with a pending bid faces a fourth event: the bid wins, at rate γd(b). The carrier then
notices the win with probability αd and becomes matched at price b on the same day, worth
Vd. Otherwise it misses the win and is free again, worth Ud. Walking away from a bid costs
nothing, so an offer is worthmax{Wd, π}. A forced shock leaves the carrier with nothing from
the bid. A bid that has not won by pickup is worth nothing, soW−1 = 0. Hence

(η + λ+ λFd + γd)Wd = λEmax{Wd, π}+ γd
[
αdVd + (1− αd)Ud

]
+ ηWd−1. (6)

Eachvalueappearsonboth sidesof its equation, becauseanoffer the carrier turnsdown leaves
it where it was. Taking the turned-down offers out of both sides gives the form I solve. Let
Ḡ = 1−G. For any x, Emax{x, π} = G(x) x+

∫∞
x
π dG(π). With η = 1, as in Section 4.2, the

three equations become

Ud =
λ
∫∞
Ud
π dG(π) + Ud−1

1 + λḠ(Ud) + λFd
,

Vd =
λ
∫∞
r∗d
(π − κd) dG(π)− λFd κd + Vd−1

1 + λḠ(r∗d) + λFd
,

Wd =
λ
∫∞
Wd
π dG(π) + γd

[
αdVd + (1− αd)Ud

]
+Wd−1

1 + γd + λḠ(Wd) + λFd
,

where r∗d = Vd + κd is the cancellation cutoff of Section 4.2. Each denominator is the rate at
which the carrier’s position changes on day d: the day ends, the carrier takes an offer, a forced
shock hits, or the bidwins. The values still appear on both sides, through the cutoffs, so I solve
these equations by iterating on them until the values stop changing.

The same race between events gives the cancellation probability of Section 4.2 and the con-
firmation probability of Section 4.3. On day d, a matched carrier’s position changes when the
day ends, at rate one, when an offer above the cutoff arrives, at rate λḠ(r∗d), or when a forced
shock hits, at rate λFd . On a day without a forced cancellation, the offer comes before the end
of the day with probability λḠ(r∗d)/[1 + λḠ(r∗d)], which is equation (7). The forced rate drops
out of this probability, but it still enters through Vd.
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For the confirmation probability, take a bid placed on day db that wins on day da. On each
day k from db down to da, the carrier leaves the bid, for an offer above Wk or after a forced
shock, at rate λḠ(Wk) + λFk . A carrier who has left does not confirm, but its bid can still win.
Meanwhile, the day ends at rate one and the bid wins at rate γk(b). The time until the first of
these two events does not depend on which of them comes first. So on each of these days,
whether or not the bid wins that day, the carrier is still there at the end of the day or at the win
with probability [1 + γk(b)]/[1 + γk(b) + λḠ(Wk) + λFk ]. Multiplying over the days, and by the
chance αda that the carrier notices the win, gives equation (8).

B.2 An Envelope Lemma

The derivatives of the values with respect to the bid rest on one lemma, a special case of the
envelope theorem.

Lemma 1. Let f be a differentiable function, a a constant, andG a distribution with a contin-
uous density G′. Then h(x) = Emax{f(x), π − a}, with the expectation over π ∼ G, has the
derivative

h′(x) = G
(
f(x) + a

)
f ′(x).

Proof. Write h(x) = G
(
f(x)+a

)
f(x)+

∫∞
f(x)+a

(π−a) dG(π). The derivative of the first term is
G
(
f(x)+ a

)
f ′(x)+G′(f(x)+ a

)
f ′(x) f(x). The derivative of the second term is−G′(f(x)+

a
)
f ′(x) f(x), since the integrand equals f(x) at the lower limit. The last two terms cancel.

In words, a change in f(x) changes the expected maximum only when the carrier keeps the
option f , which happens with probability G(f(x) + a). The change also moves the cutoff at
which the carrier switches to the offer, but at the cutoff the carrier is indifferent, so this has
no first-order effect. With f = Vd and a = κd, the lemma gives the derivative of a matched
carrier’s expected maximum. With f = Wd and a = 0, it gives that of a carrier with a pending
bid.

B.3 The Bid First-Order Condition

The win rate of a bid depends on the day it was placed as well as on the day it wins. I write
γg,d(b) for the rate at which a bid b placed on day g wins on day d ≤ g, andWg,d(b, c) for the
value of that bid, which solves equation (6) with γg,d in place of γd. In equation (8), the win
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rates and values are those of the bid’s own day, g = db. Auctions clear only in the last five
days, so γg,d = 0 for d ≥ 5. In a race with the end of the day, a pending bid wins on day d
with probability γg,d(b)/[1 + γg,d(b)]. This is the win probability that Appendix C.3 estimates,
separately for bids placed on each of days 0 to 4 and jointly for bids placed earlier. The values
Ud and Vd(b, c) do not depend on g. A carrier who views the load on day g and bids picks the
bid b∗g(c) that maximizesWg,g(b, c). From here on, η = 1, and I leave out the arguments b and
c of V andW .

Start with a match. Raising its price by one raises what the carrier earns at pickup by one, but
only if the match lasts that long. I differentiate equation (5) using Lemma 1, with f = Vd and
a = κd. The forced-cancellation term drops out, because it does not depend on b. This gives

∂Vd
∂b

=
1

1 + λḠ(r∗d) + λFd

∂Vd−1

∂b
=

d∏
m=0

1

1 + λḠ(r∗m) + λFm
, (B.1)

with ∂V−1/∂b = 1. Each factor is the chance that daym ends before an offer above the cutoff
r∗m arrives or a forced shock hits. The product is thus the chance that a match held on day d
lasts to pickup.

Next, the pending bid. Differentiating equation (6) with Lemma 1, with f = Wg,d and a = 0,
and using that Ud does not depend on b,[

1 + γg,d(b) + λḠ(Wg,d) + λFd

] ∂Wg,d

∂b
= γ′g,d(b)

[
αdVd + (1− αd)Ud −Wg,d

]
+ αd γg,d(b)

∂Vd
∂b

+
∂Wg,d−1

∂b
,

(B.2)

with ∂Wg,−1/∂b = 0. A higher bid has two effects onday d. It lowers thewin rate, since γ′g,d < 0,
and so loses the gain from winning: the value of a win, confirmed or missed, net of the value
of keeping the bid pending. It also raises what the carrier is paidwhen the bidwins, the carrier
confirms and the match lasts to pickup.

On days d ≥ 5 the bid cannot win, so γg,d = γ′g,d = 0, and equation (B.2) only multiplies
∂Wg,d−1/∂b by a positive factor. For a bid placed on day g ≥ 5, the condition ∂Wg,g/∂b = 0 is
therefore the same as ∂Wg,4/∂b = 0. Unrolling the recursion from daymin{g, 4} down to day
0, the optimal bid solves

min{g,4}∑
k=0

Tg,k

{
γ′g,k(b)

[
αkVk + (1− αk)Uk −Wg,k

]
+ αk γg,k(b)

∂Vk
∂b

}
= 0, (B.3)
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where

Tg,k =

min{g,4}∏
ℓ=k

1

1 + γg,ℓ(b) + λḠ(Wg,ℓ) + λFℓ
.

The weight Tg,k is the expected time, in days, that the bid is pending on day k, counted from
when the bid is placed, or, for a bid placed before day 4, from the start of day 4. It is the chance
that the bid is still pending when day k starts, the factors for ℓ > k, times the expected time
it then stays pending, the factor for ℓ = k. The first-order condition thus adds up the two
effects of a higher bid over the days on which the bid can win, weighted by how long the bid
is pending on each. Forced cancellations enter both survival terms: they shorten the time the
bid is pending, in Tg,k, and lower the chance that a match lasts to pickup, ∂Vk/∂b. They also
lower the value of a match Vk: a shock ends the match before it pays, and inside the last 48
hours it carries the penalty. In the computations, I use the recursions (B.1) and (B.2), fromday
0 up to daymin{g, 4}, rather than the sum.

Equation (B.3) is the many-day version of equation (A.6) in Appendix A.6, and it leads to a
many-day version of the optimal bid (3). A match pays b − c only if it lasts to pickup, so its
value splits into

Vk =
∂Vk
∂b

(b− c) +Ok −Kk,

whereOk is the expected net payoff of the outside offer for which the carrier cancels (zero if it
does not), andKk is the expected penalty it pays, for a discretionary or a forced cancellation
inside the last 48 hours. Substituting into each term of equation (B.3) and solving for b gives

b =

min{g,4}∑
k=0

ωg,k bg,k, bg,k = c+
Kk +

[
Wg,k − (1− αk)Uk

]
/αk −Ok

∂Vk/∂b
− γg,k(b)

γ′g,k(b)
, (B.4)

with weights ωg,k proportional to −Tg,k αk γ
′
g,k(b) ∂Vk/∂b, which are positive and sum to one.

Each day’s bid bg,k has the form of equation (3). The chance that the match lasts to pickup,
∂Vk/∂b, plays the role of G(r∗), and dividing by it puts the other terms per completed load.
The expected penalty Kk plays the role of κ[1 − G(r∗)], and it also counts the penalties of
forced cancellations. The term [Wg,k− (1−αk)Uk]/αk is what the carrier gives up bywinning,
per confirmedwin: the value of keeping its bid pending, net ofwhat amissedwin leaves it. Net
of the offersOk it still takes after cancelling, it plays the role of the forgone offers

∫ r∗

0
π dG(π).

The last term is the markup. A day gets more weight when the bid is pending longer on it,
when its win rate responds more to the bid, when attention is higher, and when a match is
more likely to last. As in equation (3), the condition is implicit, since the right side depends on
b. For a given bid, equation (B.3) gives the cost at which that bid is optimal, which Section 5
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uses to recover each bidder’s cost.

C Estimation Details

This appendix backs Section 5. It defines the estimation sample, states the likelihood, de-
scribes the two inputs taken from the data before the rest of the model, sets out the units and
the day groups of the parameters, and gives the standard errorswith the full table of estimates.

C.1 The Estimation Sample

For each lane, the data are every carrier’s decisions on the lane’s loadswith a pickup in 2021–22
(Section 2.2): the loads it viewed and ignored, its bids and its accept-nows. I keep all carriers.
Section 5.1 explains why the estimation uses only a carrier’s first decisions for each pickup
date. Here I define each part of the sample, list the filters and give the counts.

I group a carrier’s decisions by pickup date. Which decision comes first is measured across
lanes: the carrier’s bids andmatches on loads of other lanes with the same pickup date count
too. The sample has three parts.

The first-decision window. For each carrier and pickup date, the window holds every view
of the lane’s loads up to and including the carrier’s first bid or accept-now for that date. A bid or
accept-now on any other load with the same pickup date, on any lane, also ends the window.
The window thus contains the loads the carrier ignored before its first bid or accept-now, and
that first bid or accept-now if it was on the lane. If the carrier never bid or accepted now for
the date, all of its views are in the window. The window is set before the filters below, so a first
bid that a filter removes still ends it. The decisions in the window enter the choice part of the
likelihood, and the bids among them also enter the fit of the cost distribution.

The first acceptance. For each carrier and pickup date, the first acceptance is the first of
the carrier’s bids, on any lane, that the platform accepts. If it is a bid on the lane, its outcome,
confirmed or not, enters the confirmation part of the likelihood. It need not be the carrier’s
first bid.
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Thefirstmatch. Thefirstmatch is the first load the carrier ismatched to for the pickupdate,
on any lane: a won bid that it confirms, or an accept-now. If it is on the lane, its daily decisions
to cancel or keep the load enter the cancellation part of the likelihood. An accept-now in the
first-decision window comes before any other bid or match for the date, so it is always the
carrier’s first match. A first match won with a bid need not be the first acceptance, since the
carrier may have let an earlier win pass. On the lane, I look for the first acceptance and the
first match among the bids and accept-nows that pass the price filters below.

All later decisions are dropped, with one exception. A bid placed after the window closes stays
in the sample when it is the first acceptance or the first match. It then enters only the con-
firmation or the cancellation part. Its cost is recovered from the bid like that of any other bid
(Appendix C.2), but it does not enter the choice part or the fit of the cost distribution.

Filters. I drop bids below 0.7 or above 2.0 times the spot rate (589 bids on Seattle to San
Francisco and 1,178 on Los Angeles to Phoenix), and decisions made when the load’s Accept-
Now price was above 1.2 times the spot rate (624 and 305). I also drop bids below the Accept-
Now price the carrier saw (83 and 140), since accepting now would have paid more, at once.
Finally, I keep the actions taken in the last eight days before pickup, which the model covers.
Table C.1 gives the size of each part of the sample.

Limits. The argument of Section 5.1 has four limits. First, each carrier and pickup date con-
tributes one first-decision window, however many loads the carrier pursues for that date. A
carrier that pursues many loads for a date thus has most of its decisions left out. Second, the
model gives each view its own cost draw, so the cost behind a first bid is a draw like any other.
In practice, a carrier may compare several loads before it bids and send its first bid to the one
it likes best. Its first bid may then come from a lower cost than its decisions on other loads
would.

Third, most first acceptances and most first matches won with a bid come from bids placed
after the first-decision window closed: 73% of first acceptances and 73% of first matches won
with a bid on Seattle to San Francisco, and 69% and 70% on Los Angeles to Phoenix. Such a
bid comes after the carrier’s first bid or accept-now for the date, and the first bid may still be
pending. The model’s carrier has no other bid, so the first-order condition that recovers the
cost from such a bid holds only approximately. These first acceptances are also confirmed less
often than those from bids in the window: 48.6% against 55.8% on Seattle to San Francisco,
and 40.6% against 46.6%on Los Angeles to Phoenix. Fourth, a first acceptance can comewhile
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Table C.1: The estimation sample

Seattle– Los Angeles–
San Francisco Phoenix

Carrier decisions on the lane’s loads, pickups in 2021–22 92,590 364,174
in the first-decision window, after the filters 31,748 157,066
in the estimation sample 37,327 171,691

Accepted bids 7,930 21,443
first acceptances 6,710 19,151

First matches won with a bid 4,064 9,426
days at risk of a cancellation 8,761 20,945
discretionary cancellations 180 522

First matches accepted now 700 1,262
days at risk of a cancellation 2,168 3,456
discretionary cancellations 79 115

Forced cancellations of first matches (censored) 267 663

Loads 7,825 15,078
Clusters (carrier× pickup date) 27,502 116,032

NOTE: A carrier decision is an ignored view, a bid or an accept-now. The estimation sample is the first-decision
windowplus the later bids kept asfirst acceptancesorfirstmatches. Theacceptedbids are those in the estimation
sample; theones that arenotfirst acceptanceswere acceptedafter anearlier acceptanceof another of the carrier’s
bids for the same pickup date. A day at risk is a day on which a first match could be cancelled at the carrier’s
discretion: from the day the carrier takes the load down to pickup, until the match ends. Loads are the distinct
loadswith at least one decision in the estimation sample. A cluster holds all of a carrier’s decisions for one pickup
date.
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the carrier ismatched to a load it acceptednow. Such a carriermay turn thewin downbecause
it is already matched, which the model would read as low attention. The sample keeps these
first acceptances; on the lane itself, they are rare.

C.2 The Likelihood

The likelihood takes the win rates γg,d(b) and the forced-cancellation rates λFd as given, at the
estimates of Appendix C.3. It estimates the 21 parameters listed in Appendix C.4: the penalty
κ, attentionαd, the outside offersG, the cost distributions, the logit scale σchoice and the hassle
costs cbid and cAN . I write Fd for the cost distribution of a decision made on day d,N(µc

d, σ
c
d),

and fd for its density, with the day groups of Appendix C.4. For a view on day d of a load with
Accept-Now price pAN , I write Prd(k | c, pAN) for the probability (9) of choice k at cost c:
ignoring (I), acceptingnow (A) or bidding (B). Finally, IwritePt(b, c) for thedaily cancellation
probability (7) of a match at price b and cost c on day t, with λ = 1,

Pt(b, c) =
Ḡ
(
r∗t (b, c)

)
1 + Ḡ

(
r∗t (b, c)

) , r∗t (b, c) = Vt(b, c) + κt.

The cost behind a bid. A bid reveals the carrier’s cost. For a bid bi placed on day gi, the
inverted cost ci is the cost at which bi is the optimal bid: the cost that solves the first-order
condition (B.3) at b = bi. For short, I write βg for the inverse of the optimal bid b∗g of Section 4.3,
so that ci = βgi(bi). The inversion depends on the penalty, attention, the outside offers and
the inputs taken from the data, but not on the cost distribution or on the parameters of the
choice. It is redone at every trial value of the parameters. Since the bid is a function of the
cost, the density of a bid is the density of its inverted cost times the derivative of the inversion,
|β′

g(b)|.

The five parts. The sample of Appendix C.1 has five kinds of observations, and each con-
tributes one part.

Bids in the first-decision window (the set B). Each contributes the density of its inverted cost,
the derivative of the inversion, and the probability of bidding at that cost:

ℓBi = log fgi(ci) + log
∣∣β′

gi
(bi)

∣∣+ log Prgi
(
B | ci, pAN

i

)
. (C.1)

In the choice probability, the value of bidding is that of the bid placed,Wgi,gi(bi, ci), since bi is
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optimal at the cost ci.

Accept-nows in the first-decision window (the set A). The cost is not revealed. Each accept-
now is also the carrier’s first match, so its daily decisions to cancel or keep the load follow. Let
Ti be the days on which the match is at risk, and zit equal one if the carrier cancels on day t
and zero if it keeps the load. The part is the probability of accepting now times the likelihood
of these decisions, integrated over the cost distribution of the day:

ℓAi = log

∫
Prdi

(
A | c, pAN

i

)∏
t∈Ti

Pt

(
pAN
i , c

)zit[1− Pt

(
pAN
i , c

)]1−zit
dFdi(c). (C.2)

The product sits inside the integral because the same cost drives the choice to accept now and
the later decisions to keep the load. A carrier with a low cost is bothmore likely to accept now
and less likely to cancel.

Ignored loads (the set I). The probability of ignoring the load is integrated over the cost dis-
tribution of the day:

ℓIi = log

∫
Prdi

(
I | c, pAN

i

)
dFdi(c). (C.3)

First acceptances (the set C). Let yj equal one if the carrier confirms the bid. The confirmation
probability (8) is evaluated at the bid bj and its inverted cost cj , for the bid’s own day dbj and
acceptance day daj , with the win rates and values of bids placed on day dbj (Appendix B.3):

ℓCj = yj log Pr
(
confirm | bj, cj

)
+ (1− yj) log

[
1− Pr

(
confirm | bj, cj

)]
. (C.4)

First matches won with a bid (the set H). The daily decisions to cancel or keep the load are
evaluated at the bid and its inverted cost:

ℓHj =
∑
t∈Tj

{
zjt logPt

(
bj, cj

)
+ (1− zjt) log

[
1− Pt

(
bj, cj

)]}
. (C.5)

Each decision has its own cost draw, so the parts add up:

ℓ(θ) =
∑
i∈B

ℓBi +
∑
i∈A

ℓAi +
∑
i∈I

ℓIi +
∑
j∈C

ℓCj +
∑
j∈H

ℓHj . (C.6)

A bid can appear in up to three parts: as a bid in the window, as a first acceptance and as a
first match. These parts share its cost, but the inversion recovers that cost, so they need no
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integral.

Days at risk and censoring. A match is at risk from the day the carrier takes the load, the
day its bid is accepted or the day it accepts now, down to the pickup day. On the day of a dis-
cretionary cancellation, zjt = 1, and the match leaves the sample. A match that ends for any
other reason, a forced cancellation or a cancellation by the shipper for instance, also leaves
the sample, and the day on which it ends is left out: it is censored. For forced cancellations,
this follows from the model. On a day without a forced cancellation, the chance of a discre-
tionary one is equation (7), whatever the forced rate (Appendix B.1). Censoring the days with
a forced cancellation therefore gives the model’s likelihood of the discretionary ones, given
that no forced shock arrives. For an accept-now, whose cost is integrated out, this holds only
approximately, since the chance of escaping a forced shock varies slightly with the cost. The
forced rate still enters through the value of thematch, and the forced cancellations themselves
give the forced rates (Appendix C.3).

Integration. I compute the integrals in equations (C.2) and (C.3) as averages over 2,000
scrambled Halton draws from the standard normal distribution, the same for every decision
and scaled to the cost distribution of its day, with the values that enter them computed on
grids of costs and Accept-Now prices and interpolated between grid points.

C.3 Win Probabilities and Forced-Cancellation Rates

Two inputs of the likelihood come straight from the data: the win rates of bids and the daily
rates of forced cancellations. I estimate them first and hold them fixed when I maximize the
likelihood. Appendix C.5 adds their sampling error to the standard errors of the other param-
eters.

Win probabilities. The bid’s first-order condition (B.3) involves the win rates γg,d(b) and
their derivatives. In the counterfactuals, thewin rates follow from carriers’ bidding as an equi-
librium (Section 4.4). Solving for that equilibrium at every evaluation of the likelihood would
be very slow. As inGuerre, Perrigne, andVuong (2000), I instead estimate thewin probabilities
that bidders face directly from the bids.

The sample is every bid on the lane’s loads with a pickup in 2021–22, placed in the last eight
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days before pickup, after the same trims of bids andAccept-Nowprices as the estimation sam-
ple (Appendix C.1). Unlike the likelihood, it uses every bid, not only first decisions, since every
bid competes in the auction. For the same reason, it keeps the bids below the Accept-Now
price. I group bids by the day g on which they were placed: 0, 1, 2, 3, 4, and 5 or more days
before pickup. A bid is at risk of winning on each day d from the day it is placed down to the
pickup day, until it wins, whatever else happens to the load or to the carrier. This matches the
model, in which a bid can still win after its carrier has left (Appendix B.1). For each bid day g
and each day d ≤ min{g, 4} on which the bid can win, I fit a logistic curve in the bid to the
chance that a pending bid wins that day:

wg,d(b) =
1

1 + exp
[
(b−mg,d)/sg,d

] . (C.7)

The locationmg,d is the bid at which the chance of winning is one half, and the scale sg,d sets
how fast the chance falls as the bid rises. I fit the 20 cells by maximum likelihood, one at a
time. Figure C.1 shows the fitted curves for both lanes. A bid placed close to pickup wins far
more often on the last days than an earlier bid at the same price, so the day the bid is placed
matters as much as the bid.

Figure C.1: Fitted win probabilities, by the day the bid is placed and the day it wins

(a) Seattle to San Francisco

(b) Los Angeles to Phoenix

NOTE: The chance that a pending bid wins on the day named in the panel title,wg,d(b) of equation (C.7), against
the bid in shares of the spot rate, with one line for each day g on which the bid was placed. Bids placed five or
more days before pickup are pooled.

The model needs a rate rather than a probability. In a race with the end of the day, a pending
bidwithwin rate γ wins before the day endswith probability γ/(1+γ) (Appendix B.3). Setting
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this equal to wg,d(b) gives

γg,d(b) =
wg,d(b)

1− wg,d(b)
= exp

(mg,d − b

sg,d

)
, γ′g,d(b) = −γg,d(b)

sg,d
. (C.8)

The win rate thus falls with the bid at a constant proportional rate. In the optimal bid (B.4),
each day’s markup,−γg,k/γ′g,k, equals the scale sg,k.

I compute the standard errors of each cell with a sandwich estimator clustered by load. A
load’s bids enter several cells, so I also cluster by load the joint covariance of all 40 numbers,
the location and the scale of each cell. Appendix C.5 carries this covariance into the variance
of the other estimates.

Forced-cancellation rates. In the model, a matched carrier’s position on day d changes
when the day ends, at rate one, when an offer above the cutoff arrives, at rate λḠ(r∗d), or
when a forced shock hits, at rate λFd (Appendix B.1). The shock comes first with probability
λFd /[1 + λḠ(r∗d) + λFd ], and the day ends first with probability 1/[1 + λḠ(r∗d) + λFd ]. The ratio
of the two is λFd , whatever the offers. I therefore estimate the forced rate on day d as

λ̂Fd =
forced cancellations of first matches on day d

days d on which a first match was kept
, (C.9)

over the firstmatches of the estimation sample, wonwith a bid or accepted now. A day counts
as kept when the match lasts through it. A day with a discretionary cancellation, or on which
thematch ends for another reason, enters neither count. Forced cancellations are the carrier-
fault cancellations other than the discretionary ones (Section 3.2). I pool all days four ormore
before pickup into one rate.

On Seattle to San Francisco, the estimated daily rates are 4.03% on the pickup day, 2.55% on
the day before, and 1.47%, 1.16% and 1.02% two, three, and four or more days before pickup,
from267 forced cancellations. OnLosAngeles to Phoenix, they are 4.82%, 2.01%, 2.07%, 1.32%
and 0.35%, from 663 forced cancellations. The firstmatches belong to the same clusters as the
likelihood, so Appendix C.5 carries each cluster’s influence on these rates into the standard
errors.
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C.4 Units, Days and Parameters

As everywhere in the paper, prices, costs, penalties and payoffs are in units of the load’s spot
rate (Section 2.2). I divide every price in the data by the load’s spot rate before estimation, so
the estimates are shares of it. A day d before pickup is a full 24-hour period counted back from
the pickup time: d = 0 is the last 24 hours. The model covers days 0 to 7.

I estimate 21 parameters bymaximum likelihood. The penalty κ is a single number, perceived
on days 0 and 1, the communicated 48 hours, and zero before. Attention takes one value for
each of days 0 to 4, the days on which a bid can win: α0, . . . , α4. The outside offers have one
distribution, G = N(µπ, σπ), the same on every day, with one offer a day on average. The
cost distribution has amean and a standard deviation for each of days 0 to 3, and one pair for
all views four or more days before pickup, written µc

4+ and σc
4+. The choice among ignoring,

accepting now and bidding adds the logit scale σchoice and the hassle costs cbid and cAN . The
forced-cancellation rate, taken from the data, uses the same day groups as the costs. The win
probabilities have their own cells, by the day a bid is placed and the day it wins (Appendix C.3).

I estimate the logarithm of κ and, for each day, a logistic transformation of αd, so that the
penalty is positive and attention lies between zero and one. I compute the cost inversion and
the values on grids of bids, costs and Accept-Now prices, interpolating between grid points,
and I maximize the likelihood with the Nelder–Mead algorithm, followed by a quasi-Newton
(BFGS) search from its optimum.

C.5 Standard Errors and the Full Estimates

I compute standard errors with a sandwich estimator clustered by carrier and pickup date, the
unit at which the sample is built: a cluster holds all of a carrier’s decisions for one pickup date.
LetH be the Hessian of the log-likelihood (C.6) at the estimates and sk the score of cluster k.
The two inputs taken from the data add their own sampling error, which I carry through as in
two-step estimation (Newey andMcFadden 1994, Section 6). Each input moves the estimates
through the derivative of the score with respect to that input: Hθλ for the forced-cancellation
rates and Hθγ for the win probabilities. The forced rates come from the first matches, which
belong to the same clusters, so I add each cluster’s influence φk on them to its score. The win
probabilities come from every bid on the lane, and I take their errors, with the load-clustered
covariance Vγ of Appendix C.3, to be independent of the scores. The variance of the estimates
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is then

V̂ = H−1
[∑

k

(
sk +Hθλφk

)(
sk +Hθλφk

)′]
H−1 +H−1HθγVγH

′
θγH

−1.

I compute all derivatives by central finite differences, with the values solved to a tight toler-
ance, so that the likelihood is smooth enough to differentiate twice. The standard errors of κ,
of attention and of the derived quantities follow by the delta method.

Table C.2 reports all 21 parameters for both lanes, with their standard errors, and the derived
quantities behind Table 4. Attention αd is the chance that a carrier notices a win on day d, and
4+ pools all views four ormore days before pickup. The derived quantities are functions of the
parameters. P (π > 0) is thedaily chanceof anofferwith apositivenet payoff, andEmax(π, 0)

the expected positive part of an offer. A free carrier takes an offer only if it beats the value of
staying free, Ud, which is above zero, so fewer offers than P (π > 0) are worth taking for it.
The value of a typical match, ŷ, is the median value Vd(b, c) of a first match won with a bid,
at its price and its inverted cost, over the days 2 to 4 before pickup on which the match could
be cancelled. P (π > ŷ) is the daily chance of an offer that beats this value before the last 48
hours, andP (π > ŷ+κ) the same chance inside the last 48 hours, where cancelling also costs
the penalty. The share of these cancellations the penalty prevents is oneminus their ratio. The
condition number is that of the HessianH .
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Table C.2: Estimates of the carrier model, all parameters

Seattle– Los Angeles–
San Francisco Phoenix

Estimate SE Estimate SE

Penalty and attention
Perceived penalty, last 48 hours, κ 0.098 0.036 0.081 0.010
Attention on the pickup day, α0 0.482 0.018 0.505 0.014
Attention 1 day before pickup, α1 0.584 0.016 0.577 0.011
Attention 2 days before pickup, α2 0.634 0.019 0.638 0.013
Attention 3 days before pickup, α3 0.647 0.018 0.626 0.013
Attention 4 days before pickup, α4 0.603 0.028 0.596 0.016

Outside offers, net payoff π ∼ N(µπ, σπ)
Mean, µπ −0.580 0.207 −0.061 0.022
Standard deviation, σπ 0.450 0.114 0.178 0.013

Cost of hauling the load, c ∼ N(µc
d, σ

c
d), by day of the view

Mean, on the pickup day, µc
0 0.879 0.036 0.956 0.009

Mean, 1 day before pickup, µc
1 0.940 0.011 0.915 0.005

Mean, 2 days before pickup, µc
2 0.897 0.011 0.871 0.006

Mean, 3 days before pickup, µc
3 0.887 0.011 0.847 0.007

Mean, 4+ days before pickup, µc
4+ 0.835 0.011 0.802 0.006

Standard deviation, on the pickup day, σc
0 0.315 0.009 0.254 0.004

Standard deviation, 1 day before pickup, σc
1 0.238 0.005 0.200 0.003

Standard deviation, 2 days before pickup, σc
2 0.220 0.006 0.190 0.003

Standard deviation, 3 days before pickup, σc
3 0.223 0.006 0.188 0.003

Standard deviation, 4+ days before pickup, σc
4+ 0.208 0.005 0.177 0.002

Choice at the view
Logit scale, σchoice 0.189 0.036 0.091 0.005
Hassle cost of bidding, cbid 0.225 0.038 0.159 0.008
Hassle cost of accepting now, cAN 0.692 0.116 0.462 0.020

Derived quantities
Hassle cost of bidding / scale, cbid/σchoice 1.191 0.028 1.759 0.010
Hassle cost of accepting now / scale, cAN/σchoice 3.659 0.097 5.102 0.072
Offer with a positive net payoff, P (π > 0) 0.099 0.025 0.365 0.037
Expected positive part of an offer,Emax(π, 0) 0.021 0.002 0.044 0.004
Value of a typical match, ŷ 0.243 0.004 0.224 0.003
Offer that beats a typical match:
before the last 48 hours, P (π > ŷ) 0.034 0.003 0.054 0.003
in the last 48 hours, P (π > ŷ + κ) 0.020 0.002 0.019 0.001

Share of these cancellations the penalty prevents 0.397 0.077 0.639 0.032

Log-likelihood −24,742.5 −83,829.8
Clusters (carrier× pickup date) 27,502 116,032
Condition number of the Hessian 4.4× 104 1.1× 105

NOTE: Maximum likelihood estimates on each lane’s estimation sample (Appendix C.1), in units of the load’s
spot rate. Standard errors are clustered by carrier and pickup date and include the sampling error of the win
probabilities and the forced-cancellation rates; those of the derived quantities are by the delta method. The text
above defines the derived quantities.
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D Platform Parameters

D.1 Platform Parameters Estimation

This section describes the estimation of the remaining platform parameters, namely:

• The arrival rates of carriers, shipments, views, shipper cancellations, and auction clear-
ing rounds.

• The distribution of shipment values to the platform.

• The conditional reserve and Accept-Now prices.

For the purposes of this section, letm denote each separatemarket, defined as a unique com-
bination of origin and destination, and pickup date.

Arrival Rates We begin by estimating the exponential rates of the three event types which
can be simply counted: carriers, shipments, and auction clearing rounds. For each of these
events e ∈ {carrier, shipment, clear}, letN e

m,d denote the number of events of type e in mar-
ket m ∈ 1, . . . ,M on day d from departure. As the events are assumed to follow a Poisson
process, the count of events follow a Poisson distribution, so that:

E[N e
m,d] = λed.

Thus, a simple method-of-moments estimator for each of these arrival rates is the sample
mean of the counts:

λ̂ed =
1

M

M∑
m=1

N e
m,d

with the asymptotic variance given by the sample variance of the counts divided byM .

Shipment cancellations and views have rates that are specified on a per-shipment and per-
pair basis, and can only occur once, respectively. Let Y shipcancel

j,m,d ∈ {0, 1} denote the event
that shipment j in marketm on day d is cancelled, and Y view

ij,m,d ∈ {0, 1} denote the event that
shipment j in market m on day d is viewed by carrier i. Given the properties of the Poisson
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process, the probabilities of these events are

P (Y shipcancel
j,m,d = 1) =

λshipcanceld

η + λshipcanceld

≡ pshipcanceld

P (Y view
ij,m,d = 1) =

λviewd

η + λviewd

≡ pviewd

where η is the rate of transition between days, normalized to 1. The sample analogues of these
probabilities are the sample proportions of cancellations and views for each market and day,
among the set of uncancelled shipments and unmatched pairs, respectively. These are used
to estimate the arrival rates of cancellations and views:

λ̂shipcanceld =
p̂shipcanceld

1− p̂shipcanceld

λ̂viewd =
p̂viewd

1− p̂viewd

with the asymptotic variances of the estimates obtained by multiplying the variances of the
sample proportions by the square of the derivative of the transformation function.

There are many arrival rates, so Figure D.1 reports them graphically, with their confidence
intervals, for both lanes.

Shipment Values The shipment values to the platform are directly observed. I fit a log-
normal distribution to the data by simply taking the sample mean µ̂ and sample variance σ̂2

of the log-transformed shipment values, reported in Table D.1. In addition, a load still un-
matched at pickup costs the platform a share L of its value, since the platform then has to
ask the shipper to reschedule or cancel the shipment, with consequences for its relationship
with the shipper. I measure L as the average amount by which the pickup-day reserve price
exceeds the shipment value, where the pickup-day reserve price is the typical highest bid the
platform accepts on that day. Since the platformpays up to this price on the pickup day rather
than leave the load unmatched, I take this premium as the cost of not matching it. L is 0.158
on Seattle to San Francisco and 0.040 on Los Angeles to Phoenix, with standard errors of 0.008
and 0.005.

Reserve and Accept-Now Prices The conditional Accept-Now price function pAN(vj) and
conditional reserve price functions rd(vj) and are fitted through second-order polynomials.
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Figure D.1: Estimated arrival rates of the platform’s events

(a) Seattle to San Francisco
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(b) Los Angeles to Phoenix
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NOTE: Estimated rate per day of each event, by days before pickup, with pointwise 95% confidence intervals
(shaded). Each rate is constant within a day, so day d is drawn from d + 1 to d days before pickup. Carriers
arriving: carriers per pickup date whose first view of the lane for that date falls on the day. Loads posted: loads
per pickup date posted on the day. Views: the rate at which a carrier views a given load it has not yet viewed.
Shipper cancellations: the rate at which a load is cancelled other than by its carrier. Auction clearings: the rate at
which the auction clears a load with a bid at or below the reserve price, on the last five days before pickup only.

Table D.1: Shipment value distribution parameters

Parameter Estimate Standard Error

µ -0.008 0.002
σ2 0.021 0.0003
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The Accept-Now price function is estimated through a simple linear regression:

pAN(vj) = θAN
0 + θAN

1 vj + θAN
2 v2j + ϵj

Reserve prices up until the last 24 hours before pickup, namely rd(vj) for d ∈ {1, 2, 3, 4}, are
estimated through a similar regression:

rd(vj) = θR0d + θR1 vj + θR2 v
2
j + ϵj

where the intercept term θR0d is specific to the number of remaining days until departure d.
This allows for the reserve price to increase as the departure date approaches, and avoids any
potential “crossing” of the reserve price functions across different days.

The effective reserve price for the last 24 hours at d = 0, r0(vj), is less straightforward to es-
timate as there is no unique observed reserve price during this period. We utilize a moment-
inequality approach. Let J denote the set of shipments unmatched at the start of the last
24 hours, and J U ⊆ J those still unmatched at the end. For a shipment j, the theoretical
reserve price must be bounded below by the highest accepted bid (if any) and above by the
lowest rejected bid (if the shipment remained unmatched). We define these bounds as:

bj ≡ max
i∈IA

j

bij and bj ≡ min
i∈Ij\IA

j

bij,

where bj = −∞ if no bidwas accepted and bj = +∞ if no rejected bid exists to form the upper
bound. The model implies the moment inequalities r0(vj) ≥ bj for all j ∈ J and r0(vj) ≤ bj

for all j ∈ J U .

To estimate θR0 , we minimize a positive-part quadratic objective function that penalizes vio-
lations of these bounds:

Qineq
N (θR0) =

1

N

∑
j∈J

[
r0(vj, θ

R0)− bj
]2
− +

1

N

∑
j∈JU

[
bj − r0(vj, θ

R0)
]2
−

where [x]− ≡ min{x, 0}. Standard errors are computed by treating the estimator as first-order
equivalent to a just-identified GMM estimator formed by the set of binding inequalities. The
variance-covariancematrix is estimated using a cluster-robust plug-in estimator, allowing for
correlations within market-day clusters.

The results of the OLS regressions (d ≥ 1) and the inequality estimator (d = 0) are reported
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together in Table D.2.

E Counterfactual Methods and Further Results

This appendix backs Section 6. It describes how I solve each counterfactual, defines welfare
under the two accountings and the three measures of what a cancellation costs, and reports
the exhibits for Los Angeles to Phoenix, the details of the tax on matching, the timing of the
penalty and the curbs on a monetary penalty.

E.1 Simulation and Equilibrium

In the main counterfactuals, the penalty is κd = κ on days d ∈ {0, 1}, the last 48 hours, and
zero on earlier days. The grid has 72 values of κ, evenly spaced from 0 to 0.24. The penalty
windows of Section 6.4 set κd = κ on day 0 only (24 hours) or on days 0 to 2 (72 hours).

Carriers’ choices depend on thewin rates γd(b), and thewin rates depend on carriers’ choices.
At each penalty, I solve for win rates that reproduce themselves, by iteration:

1. Given the current win rates, solve the carrier’s problem of Section 4: the values, the op-
timal bids and the choice probabilities.

2. Simulate markets with this policy. In eachmarket, place artificial bids at a grid of prices
on every load that is not matched, and keep each at risk until it would win or the load
reaches pickup.

3. Refit the win rates to the artificial bids, by the day the bid is placed and the day it wins,
as in the data (Appendix C.3).

4. Move the current win rates part of the way toward the refit ones.

The number of markets grows over the first iterations and then stays fixed, so later refits carry
no new simulation noise. The iteration stops when no daily win probability, over the usual
range of bids, changes by more than 0.0005. A final simulation of 36,200 markets under the
last policy gives the outcomes. Every grid point converged, on both lanes.

Every penalty simulates the same markets with the same random numbers. Each market
draws its choices, costs, load values and events from separate streams. Events arrive at rates
set by the number of carriers and loads that ever entered the market, which does not depend
on the penalty, and an event that falls on a carrier or load that has left does nothing. So out-
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Table D.2: Reserve and Accept-Now price estimates

Seattle– Los Angeles–
San Francisco Phoenix

Reserve Accept-Now Reserve Accept-Now

Day 0 1.212 0.975 1.086 0.899
(0.008) (0.007) (0.004) (0.002)

Day 1 1.065 0.858 0.997 0.829
(0.003) (0.002) (0.002) (0.002)

Day 2 1.015 0.853 0.971 0.821
(0.003) (0.001) (0.001) (0.001)

Day 3 1.000 0.858 0.964 0.819
(0.002) (0.002) (0.001) (0.001)

Day 4 0.985 0.857 0.945 0.818
(0.003) (0.001) (0.002) (0.001)

Day 5 0.862 0.822
(0.002) (0.001)

Day 6 0.871 0.827
(0.002) (0.002)

Day 7 0.868 0.834
(0.003) (0.002)

Unmatched load, L 0.158 0.040
(0.008) (0.005)

Log forecast / spot, mean −0.067 −0.057
standard deviation 0.116 0.121

Listing-days 23,296 26,239 35,390 51,704
with an acceptance 5,215 11,604

Listings, forecast 9,333 16,490

NOTE: Prices as multiples of the platform’s price forecast for the load, by day before pickup (day 0 is the last 24
hours), with bootstrap standard errors over listings in parentheses. Reserve: the median of the highest bid the
platform accepted that day, over the listings on the market at the start of the day that accepted one; the auction
clears bids only on days 0 to 4. Accept-Now: themedian Accept-Nowprice on carriers’ views that day. L: the cost
of a load still unmatched at pickup, as a share of its value. Log forecast / spot: the log of the forecast over the spot
rate across the lane’s listings. Listing-days: listings on themarket at the start of a day (reserve) or viewed that day
(Accept-Now).
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comes at two penalties differ only because of the penalty, and I compare themmarket bymar-
ket. In particular, the same loads reach pickup at every penalty. Carriers’ payoffs without the
platform come from a run with the same carriers and events but no loads.

E.2 The Two Accountings andWelfare

At pickup, the platform earns on load j

πj =


vj − pj if the load is matched at price pj,

−Lvj if it is unmatched,

0 if the shipper has cancelled it,

where vj is what the shipper pays and L is the cost of not matching it, as a share of vj . Let
Π(κ) =

∑
j πj be the platform’s profit per market before any monetary penalties, F (κ) the

penalties carriers bear, U(κ) carriers’ payoffs net of those penalties, and U0 carriers’ payoffs
without the platform. Carriers’ surplus is U(κ) − U0. With a reputational penalty, nobody
receives F (κ); with a monetary penalty, the platform does. Welfare and the platform’s profit
are

W rep(κ) =
[
U(κ)− U0

]
+Π(κ), profitΠ(κ), with a reputational penalty,

Wmon(κ) = W rep(κ) + F (κ), profitΠ(κ) + F (κ), with a monetary penalty.

Carriers behave the same in both, soU ,Π andF are the same. Changes from κ = 0 have stan-
dard errors paired bymarket: the standard deviation across markets of eachmarket’s change,
over the square root of the number of markets. The profit-maximizing monetary penalty is
the grid point where Π + F is highest. The penalties within one standard error of it are the
grid points whose profit falls short of the best by less than the paired standard error of that
shortfall.

Over the whole grid, up to 0.24 of the spot rate, welfare falls at every grid step under both ac-
countings, on both lanes. The platform’s profitwith a reputational penalty peaks at no penalty
on both lanes.
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E.3 TwinMarkets and the Three Measures

Take a cancellation e in the last 48 hours, by carrier i, of its match on load j. Its twin market
undoes only the event behind it:

• an outside offer: the carrier turns the offer down and gets nothing from it;
• a switch to another load taken at the Accept-Now price: the carrier ignores that load,
which stays open to others;

• a switch to another loadwon in its auction: the carrier does not take it, its bid is lost, and
the load goes to the next bid;

• a forced cancellation: the forced event does not happen.

Fromthenon, bothmarketsuse the same randomnumbers, andevery carrier follows its policy
in each. Later cancellations happen in both markets but get no twins of their own. A super-
script “tw” marks outcomes in the twin; unmarked outcomes are in the market with the can-
cellation. Let fe be the cancellation’s own monetary penalty, F the penalties over the whole
market, and Uh carrier h’s payoff net of the penalties it pays. The three measures of what the
cancellation costs are

DB
e = πtw

j − πj bilateral damages,

DP
e =

(
Πtw + F tw

)
−

(
Π+ F − fe

)
platform-wide damages,

CM
e = DP

e +
∑

h ̸=i

(
U tw
h − Uh

)
market-wide cost.

A positive value means the cancellation lowers the payoff. Platform-wide damages leave out
the cancellation’s own penalty, so they measure what that penalty would have to cover. In the
market-wide cost, the penalties other carriers pay appear in both F and Uh, so they count as
transfers. Bilateral damages count the platform’s profit on the load left without the penalties
that later cancellations of the same loadmay bring in; with no penalty, no payments flow, and
this makes no difference. Let ge = Ui + fe −U tw

i be the cancelling carrier’s gain before its own
penalty. Then, with a monetary penalty, the change in welfare that the cancellation causes is
ge − CM

e , for every cancellation, up to rounding.

Bilateral damages split into three parts,

DB
e =

(
DB

e −DP
e

)︸ ︷︷ ︸
recovered on the platform’s other loads

+
∑

h ̸=i

(
Uh − U tw

h

)︸ ︷︷ ︸
gained by other carriers

+ CM
e︸︷︷︸

market-wide cost

.

With no penalty, the first part is what the platform gains on its other loads of the same lane

74



and pickup date. The two brackets in Figure 6 and Figure E.1 show the first two parts; the third
is the market-wide cost curve at no penalty.

Let E(κ) be the cancellations in the last 48 hours at penalty κ, forced and discretionary. The
average X̄(κ) of eachmeasureX ∈ {DB, DP , CM}weighs every cancellation inE(κ) equally.
Cancellations in the samemarket are separate experiments, so I average them and never add
them up. The benchmark is the first κ∗ at which X̄(κ∗) = κ∗, by linear interpolation between
grid points. For 95% intervals, I resamplewholemarkets 1,000 times, with the same resamples
at every grid point and for every measure, and take each resample’s first crossing. On Seattle
to San Francisco, the benchmarks are 0.151 [0.149, 0.154] for bilateral damages, 0.111 [0.107,
0.114] for platform-wide damages and 0.020 [0.017, 0.024] for the market-wide cost. On Los
Angeles to Phoenix, they are 0.111 [0.108, 0.113], 0.098 [0.095, 0.102] and 0.018 [0.015, 0.021].

Themeasures rise with the penaltymainly because the load left is rematched less often, while
in the twin it reaches pickup more often. In the twin, the carrier who keeps the load is less
likely to cancel it later. At the estimated penalty on Seattle to San Francisco, the share of can-
celled loadsmatched at pickup changes by−1.4 percentage points [−1.7,−1.0] from its share
with no penalty, and the twin’s share by 1.7 [1.5, 2.0]. On Los Angeles to Phoenix, the changes
are −1.8 [−2.1, −1.4] and 3.3 [3.1, 3.6]. Part of these changes could come from which can-
cellations still happen. To hold that mix fixed, I group the cancellations by cause (the four of
the list above) and by day before pickup (the last 24 hours, or the 24 hours before), and weigh
each group’s share at κ by the group’s share of cancellations at κ = 0. With the mix fixed, the
changes are −1.5 and 1.2 points on Seattle to San Francisco, and −1.1 and 2.2 on Los Ange-
les to Phoenix. So most of both changes does not come from the mix. The intervals are 95%
intervals of the change from no penalty, resampling whole markets.

E.4 Los Angeles to Phoenix

Figure E.1, Figure E.2 and Figure E.3 repeat Figures 6 to 8 for Los Angeles to Phoenix, and tell
the same story. With no penalty, bilateral damages of 0.094 split into 0.023 recovered on the
platform’s other loads, 0.055 gained by other carriers, and amarket-wide cost of 0.015. Welfare
peaks at no penalty under both accountings, and so does the platform’s profit with a reputa-
tional penalty. The profit-maximizing monetary penalty is small, and it gains the platform
0.008 per market. At the estimated penalty, 0.081 of the spot rate, the changes per market add
up. Matchesmade, leaving out those that shippers cancel, change by−1.24. Carrier cancella-
tions change by−0.97. So completed matches change by−0.27.
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Figure E.1: What a cancellation costs, at every penalty, Los Angeles to Phoenix
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NOTE: As Figure 6, for Los Angeles to Phoenix. Appendix E.3 gives the 95% intervals of the benchmarks.

E.5 The Tax onMatching

Section 6.3 compares what a small penalty saves by deterring cancellations with what it costs
by taxingmatching. Both use the first grid step, fromκ = 0 toκ1. LetN(κ)be the discretionary
cancellations in the last 48 hours permarket, and C̄M

disc their averagemarket-wide cost with no
penalty: 0.010 [0.007, 0.014] onSeattle to SanFrancisco and0.005 [0.002, 0.009] onLosAngeles
to Phoenix. The cancellations prevented per unit of penalty are n =

[
N(0) − N(κ1)

]
/κ1,

and welfare’s slope with a monetary penalty is s =
[
Wmon(κ1) − Wmon(0)

]
/κ1. The tax on

matching per prevented cancellation is the part of the slope that deterrence does not explain,
−
(
s − n C̄M

disc

)
/n: 0.065 [0.029, 0.104] on Seattle to San Francisco and 0.081 [0.057, 0.105] on

LosAngeles toPhoenix. The averagemarket-wide cost of all discretionary cancellations stands
in for that of the prevented ones. Intervals resample whole markets.

Most of the welfare loss comes from lost completed matches. I split the change inWmon from
κ = 0 to κ̂ into lost completed matches and the rest. Each lost completed match loses the
load’s value less the carrier’s cost, at their averages per completedmatch with no penalty, and
leaves one more load unmatched at pickup, at cost L. The rest is the change in carriers’ costs
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Figure E.2: Welfare, carriers’ surplus and the platform’s profit at every penalty, Los Angeles to
Phoenix
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NOTE: As Figure 7, for Los Angeles to Phoenix, with the benchmarks of Figure E.1.
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Figure E.3: Matches and carrier cancellations at every penalty, Los Angeles to Phoenix
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NOTE: As Figure 8, for Los Angeles to Phoenix.

on the remaining matches and in the outside offers they take. Lost completed matches make
up 88% of the welfare loss at the estimated penalty on Seattle to San Francisco and 96% on
Los Angeles to Phoenix. Cheaper carriers on the remaining matches and fewer outside offers
taken nearly cancel out.

E.6 When the Penalty Applies

The windows of Section 6.4 are separate sets of counterfactuals, each on its own grid of κ. In
every window run, welfare is highest with no penalty under both accountings, and so is the
platform’s profit with a reputational penalty.

On Seattle to San Francisco, the platform’s gain at the profit-maximizing monetary penalty,
per market, is 0.050, 0.060 and 0.068 in the 24-, 48- and 72-hour windows (Table 6), with stan-
dard errors of 0.0018, 0.0020 and 0.0019. Paired by market, the 48-hour window beats the 24-
hour one by 0.0098 (standard error 0.0011), and the 72-hour window beats the 48-hour one by
0.0086 (0.0008). Across the penalties within one standard error of the profit-maximizing one,
welfare with amonetary penalty changes by−0.118 to−0.096 per market in the 72-hour win-
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dow. Averaged over those penalties, carriers’ surplus is 0.032 permarket higher with a 24-hour
window than with a 72-hour one.

The market-wide cost per cancellation with no penalty, in Table 6, has these 95% intervals,
resampling whole markets: [0.027, 0.036] in the last 24 hours, [−0.012,−0.002] 24 to 48 hours
before pickup and [−0.026, −0.012] 48 to 72 hours before. Each lane’s longest window gives
these numbers, since its twin markets cover the most cancellations.

On Los Angeles to Phoenix, the market-wide cost per cancellation with no penalty has these
95% intervals: [0.023, 0.029] in the last 24 hours, [−0.013,−0.005] 24 to 48 hours before pickup
and [−0.020,−0.009] 48 to 72 hours before. The profit-maximizingmonetary penalty is 0.028
in every window. Its gain is 0.006, 0.008 and 0.008 per market in the 24-, 48- and 72-hour
windows, with standard errors of 0.0010, 0.0012 and 0.0013. Paired by market, the 48-hour
window beats the 24-hour one by 0.0012 (standard error 0.0007), and the 72-hour window
beats the 48-hour one by 0.0002 (0.0005).

E.7 The Platform’s Weight on Carriers and the Cost of Collecting a Fee

In Section 6.5, the platform puts a weightw on carriers’ surplus and pays a cost c, in shares of
the spot rate, for each payment it collects. It chooses the monetary penalty κ to maximize

Ow,c(κ) = w
[
U(κ)− U0

]
+ (1− w)

[
Π(κ) + F (κ)− c F (κ)/κ

]
,

where F (κ)/κ is the number of penalties paid per market (every cancellation in the last 48
hours pays κ), and no penalty is paid at κ = 0. With no cost andw = 1/2, the objective is half
of welfare with a monetary penalty, which peaks at κ = 0. So the weight at which the penalty
disappears is at most one half. I compute the objective on the grid’s outcomes, for weights
from 0 to 0.50 and costs from 0 to 0.08.

FigureE.4 shows themonetarypenalty thatmaximizes theplatform’sobjective, over theweight
and the cost. The weight and the cost act together: a smaller weight and a smaller cost than
either needs alone remove the penalty when combined. On Seattle to San Francisco, along a
row of lowweights, a rising cost first raises this penalty, since a higher penalty is paid by fewer
carriers, and then removes it. So a cost below the level that removes the penalty can lower
welfare.

79



Figure E.4: Themonetary penalty chosen by the platform, by its weight on carriers and its cost
of collection
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NOTE: Themonetary penalty κ in the last 48 hours that maximizesOw,c(κ), in shares of the spot rate, on the grid
of κ. Vertical axis: the weight w on carriers’ surplus, their payoffs net of what they earn without the platform.
Horizontal axis: the cost c of collecting each payment. Outlined: the region inwhich a positivemonetary penalty
is best; outside it, no penalty is best.
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F Additional Figures

Figure F.1: Comparison of lane frequencies on the platform and across the U.S.
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Figure F.2: Distribution of carrier miles driven in a year
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